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Abstract
This dissertation comprises three chapters studying how macroeconomics and the �nan-

cial market are connected.

In chapter one, I study how agents form in�ation expectations across di�erent forecast

horizons. I analyze survey in�ation forecasts and document that these forecasts deviate

from full-information rational expectations (FIRE), and the deviation varies across fore-

cast horizons. To reconcile the cross-horizon forecast behavior, I propose a new subjective

expectations formation model.

In the second chapter, I further analyze how the expectations formation in the �rst

chapter a�ects the Treasury bond pricing. Embedding the expectations model within a

yield curve model, I explain several bond pricing puzzles with a uniform in�ation belief

story.

The third chapter is based on the joint work with Anna Cieslak. We propose an approach

to identifying economic shocks from asset prices, which allows us to study the drivers of asset

prices at a daily frequency since the early 1980s. We apply the identi�cation to examine

investors' responses to news from the Fed and key macro announcements.
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1. Introduction
Macro-�nance analyzes the connection between macroeconomic dynamics and �nancial

markets. Asset prices are a�ected by agents' beliefs about the macroeconomy. This connec-

tion allows a two-way analysis. We can rely on macroeconomic mechanisms and associated

agents' expectations to understand the pricing of �nancial assets, and conversely, we can

extract macroeconomic information from asset prices.

In the �rst chapter of this dissertation, I study how agents form in�ation expectations

across di�erent forecast horizons. Short-horizon survey forecasts of in�ation underreact,

while long-horizon forecasts overreact to in�ation news. To reconcile the cross-horizon fore-

cast behavior, I propose a new expectations formation model whereby agents display a

long-run bias by subjectively attributing part of transitory shocks to permanent shocks. Be-

cause agents perceive persistent in�ation shocks as more volatile relative to an assessment

of a rational econometrician, they tend to overshoot their long-term forecasts. Combining

the long-run bias with a realistic trend-cycle model of in�ation dynamics, I show that the

model outperforms diagnostic expectations and over-extrapolation in matching the survey

forecasts across horizons.

In the second chapter, I analyze how the expectations formation documented in the �rst

chapter a�ects the Treasury bond pricing. To analyze the asset pricing implications, I em-

bed the long-run bias in in�ation expectations within a yield curve model. The overreaction

in long-horizon in�ation expectations translates into a long-term yields' overreaction, thus

generating excess yield sensitivity to news. The model implies a long-term bond risk pre-

mium that is substantially less volatile than that implied by the predictive regressions or

estimates that impose full-information rational expectations (FIRE). I argue that the good

performance of bonds since the early 1980s came largely as a surprise to investors and has

been enhanced by biased in�ation beliefs.

In the third chapter, which is based on the joint work with Anna Cieslak, we propose

a new approach to identifying economic shocks from asset prices. Our identi�cation disen-

tangles monetary news, growth news as well as pure risk-premium shocks on any day from

the variation in the stock market and the Treasury yield curve. We use this approach to
1



analyze news content of macroeconomic announcements and channels through which the

Fed a�ects asset prices. We document a pronounced e�ect of the Fed on risk premiums that

dominates the conventional monetary news channel. About 70% of the average positive

stock returns earned over the FOMC cycle stem from the Fed-induced reductions in risk

premiums. We further explain the puzzling fact that stocksbut not bonds earn high returns

on FOMC days. As bonds hedge growth risk in stocks, Fed-induced reductions in the value

of the bond insurance premium o�set any gains, making overall bond returns on FOMC days

economically small. Overall, since the early 1980s, conventional monetary news accounts

for less than 10% and 20% of the variation in the ten-year yield and the aggregate stock

market, respectively. The results suggest that the Fed has a signi�cant e�ect on long-term

assets through its ability to directly a�ect the risk premiums.

2



2. The term structure of in�ation expectations
2.1 Introduction

With the recent in�ation surge, concerns about deanchoring of in�ation expectations

abound. So, how do investors form in�ation expectations, and what do those expectations

imply for the behavior of nominal interest rates? Drawing on survey forecasts across mul-

tiple horizons, I argue that the term structure of forecasts is highly informative about the

nature of belief formation. In a stark deviation from full-information rational expectations

(FIRE), short-horizon in�ation expectations underreact to in�ation news, while expectations

at longer horizons tend to overreact. I exploit cross-horizon subjective forecasts combined

with realistic objective in�ation dynamics to argue that the extent of overreaction in long-

run expectations is larger than what leading expectational frictions capture. Instead, I

reconcile the forecast term structure via an interplay of two forces: individual noisy signals

and a behavioral long-run bias. Faced with complex in�ation dynamics, as seen in the data,

I hypothesize that agents subject to the long-run bias erroneously ascribe a portion of tran-

sitory in�ation shocks to permanent shocks. Using an encompassing model that embeds

di�erent belief frictions, the combination of noisy signal and the long-run bias emerges as

the preferred speci�cation explaining in�ation forecasts across horizons.

In this chapter, I emphasize an underutilized dimension of the survey data � forecasts

across multiple horizons � to construct a realistic model of in�ation expectations. I begin

my analysis by revisiting the existing evidence in the literature, but with a focus on the

cross-horizon aspect of surveys. I �rst employ the well-known regressions of forecast errors

(FE) on forecast revisions (FR), �FE-on-FR regressions� for short, proposed by Coibion and

Gorodnichenko, 2015. Forecast revisions re�ect how forecasters react to news. Under FIRE,

the FE-on-FR regression should deliver a slope coe�cient equal to zero, since forecast er-

rors are unpredictable. When the slope coe�cient is non-zero, its sign is informative about

the type of rigidities that forecasters experience. A positive sign suggests underreaction as

forecasters fail to su�ciently respond to the initial news; a negative sign, instead, suggests

overreaction as the initial forecasters' response to news is excessive. Coibion and Gorod-

nichenko, 2015 and Bordalo et al., 2020 apply the FE-on-FR regression to in�ation forecasts
3



at the consensus and individual levels, respectively, focusing on a single horizon. Revisiting

results from those studies, I con�rm that consensus in�ation forecasts underreact (display a

positive coe�cient) to in�ation news, while individual forecasts overreact (show a negative

coe�cient).

My new �ndings pertain to the sensitivity of forecast errors to revisions across horizons.

I show that the FE-on-FR regression coe�cients decrease signi�cantly across forecast hori-

zons in a pattern that emerges at both the consensus and individual levels. This implies that

the degree of under- and overreaction to news di�ers across horizons, providing additional

information to discriminate between models of beliefs. For example, both the noisy (or

sticky) information model studied in Coibion and Gorodnichenko, 2015 and the diagnostic

expectations model introduced in Bordalo et al., 2020 would predict constant coe�cients

across horizons, contrasting with the data. Of course, since these models assume a stylized

AR(1) objective dynamics of in�ation, the apparent inconsistency with the data does not

immediately imply a rejection of the belief formation model itself. It does, however, highlight

an additional challenge stemming from the joint hypothesis problem: An evaluation of a be-

lief model necessitates speci�cation of the underlying data-generating process (DGP). While

AR(1) assumption is convenient for illustrative purposes, it has been repeatedly rejected by

studies of in�ation dynamics.

To capture the statistical properties of in�ation as best as possible, I employ a trend-

gap model assuming that in�ation is the sum of a random walk trend component and an

independent AR(1) component. Such dynamics have been shown to outperform a range of

alternatives in terms of �t and in�ation forecasting (Faust & Wright, 2013) and, therefore,

are frequently adopted to model in�ation.1 I show that over the period from 1983 through

2019, the main sample for my analysis, the trend-gap dynamics outperform all other can-

didate speci�cations. While this conclusion represents an econometrician's perspective, I

provide evidence suggesting that survey forecasters are also likely to adopt a trend-gap-like

thinking when forming their predictions.

1 Similar models have been adopted by J. H. Stock and Watson, 2007, Cogley et al., 2010, Crump et al., 2018,
Duffee, 2018, M. D. Bauer and Rudebusch, 2020, and Nason and Smith, 2021.
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Conditional on the trend-gap DGP, I then test the ability of leading belief formation

models to reconcile the forecasters' short-run underreaction and long-run overreaction evi-

dent in the FE-on-FR regressions. Bordalo et al., 2020 have already argued that two distinct

mechanisms are required to account for the underreaction at the consensus level and over-

reaction at the individual level. I thus consider two representative combinations of existing

non-FIRE mechanisms: (i) the noisy signal model from Coibion and Gorodnichenko, 2015

combined with the diagnostic expectations from Bordalo et al., 2020, (ii) the noisy signal

model with over-extrapolation from Angeletos et al., 2021. The noisy signal model is the

sole source of underreaction, while diagnostic expectations and over-extrapolation are two

candidates to generate overreaction. Using the simulated method of moments, I calibrate

the parameters of each model by targeting the FE-on-FR regression point estimates at all

horizons. I establish that both speci�cations produce coe�cients that are too �at compared

with survey evidence, at the consensus as well as individual-level forecasts. In short, agents

in those models do not overreact enough at long horizons to match the data.

The declining term structure of FE-on-FR coe�cients calls for a belief friction that

implies increasingly excessive reaction to news as forecast horizon expands. Diagnostic ex-

pectations predict a consistent degree of overreaction across horizons. Over-extrapolation

delivers a hump-shaped overreaction, implying that overreaction wanes rather than intensi-

�es with horizon.

I instead argue that in�ation surveys are consistent with a behavioral �long-run bias." In

my model, agents subjectively assign a portion of transitory in�ation shocks to permanent

trend shocks. Simply put, I allow agents to perceive the trend shock volatility to be dif-

ferent from its factual value (or the value assessed by the econometrician).2 As forecasters

cannot separately observe and discern the trend and gap in�ation components, they employ

Bayesian updating and allocate the overall in�ation shock they observe proportionally to

their perceived (possibly distorted) volatility of the two components. Thus, an in�ated belief

in the trend shock volatility leads to a larger portion being ascribed to the trend compo-

2 While I model this behavior in reduced form, the belief friction can be microfounded via ambiguity aversion
or subjective uncertainty regarding whether the Fed has changed the in�ation target.
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nent. This notion aligns with numerous studies highlighting the intricacy of distinguishing

small permanent shocks from large transitory ones, such as Bansal and Yaron, 2004, Koz-

icki and Tinsley, 2005, and Croce et al., 2015. I demonstrate that the combination of the

noisy signal and the long-run bias produces simultaneously underreaction of short-horizon

expectations and signi�cant oversensitivity of long-horizon expectations to in�ation news.

This combination reconciles the cross-horizon FE-on-FR regression coe�cients in the survey

data.

The FE-on-FR regression moments only capture part of the rich information in sur-

veys. Recognizing that belief formation is a dynamic process, I proceed to directly estimate

various belief models on the time series of survey forecasts across all horizons. Using an

encompassing speci�cation and a nested-likelihood ratio test allows me to discern which

model is favored by the survey. The noisy signal combined with the long-run bias consis-

tently emerges as the preferred speci�cation. A more intricate model embedding all mecha-

nisms simultaneously �noisy information, overextrapolation, diagnostic expectations, and

the long-run bias�does not signi�cantly increase the �t and is rejected by the noisy signal

plus long-run bias model (hereafter NS+LB). Importantly, I highlight that the various belief

formation mechanisms do not just di�er in their alignment with the short-horizon survey

data we examine. They also imply distinct predictions for in�ation forecasts at distant hori-

zons, which are unobserved in the surveys I use and, in general, are not available at higher

frequencies. Speci�cally, the NS+LB model suggests overreaction, even at the consensus

level, for horizons exceeding two years. In contrast, neither the diagnostic expectations nor

over-extrapolation models exhibit this characteristic.

Related literature. This chapter contributes to the growing literature that seeks to iden-

tify non-FIRE expectations formation using survey data. Coibion and Gorodnichenko, 2015

introduce the forecast error on forecast revision regression and document underreaction in

consensus in�ation forecasts. Bordalo et al., 2020 extend Coibion and Gorodnichenko, 2015

evidence to the individual level forecasts and discover overreaction in individual forecasts

for most macro variables. Angeletos et al., 2021 further examine the time series of forecasts

and identify a delayed over-shooting pattern in the impulse responses. Other papers, such
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as Fuhrer, 2018, Kohlhas and Walther, 2021, and Farmer et al., forthcoming, adopt similar

approaches and propose models to explain empirical belief patterns. My paper gleans in-

formation about the belief formation process using the cross-horizon dimension of forecasts,

a perspective not explored in ealier work. I propose a new model of in�ation expectations,

potentially applicable in other setups. Finally, I undertake a joint analysis of in�ation beliefs

and bond yields, leveraging bond market data to further dissect in�ation beliefs.

The chapter is structured as follows: In Section 2.2, I outline the data sources and

notation. In Section 2.3, I provide evidence on non-FIRE in�ation expectations in survey

data, summarizing evidence from the literature and the new forecast-horizon dimension I

explore. In Section 2.4, I discuss the data-generating process for in�ation that describes

its physical dynamics and serves as the FIRE benchmark for the subsequent analysis. In

Section 2.5, I test existing expectations formation mechanisms and propose a new model

that aligns with in�ation surveys.

2.2 Data

I use two sources of in�ation forecast data: the Survey of Professional Forecasters (SPF)

and the Blue Chip (BC) Economic Indicators. The central analysis relies on the SPF fore-

casts, while I employ the BC survey for robustness checks. Additionally, I use the BC

Financial Forecasters survey's forecasts of Treasury bond yields to analyze the asset pricing

implications of in�ation expectation formation. The SPF is a quarterly survey typically

conducted during the second to third week of the middle month of each quarter. In con-

trast, the BC conducts a monthly survey during the �rst week of every month. To maintain

consistency with the SPF's quarterly frequency, I use the middle month BC survey of each

quarter (February, May, August, and November). Both surveys solicit responses from a pan-

elist of forecasters. The SPF forecast's term structure spans from nowcast to four quarters

ahead. I primarily focus on the consensus forecasts, which are constructed as the average of

individual forecasts.3

To measure the actual in�ation outcomes, I use real-time �rst releases from the Philadel-

3 Following Bordalo et al., 2020, I winsorize outliers by retaining forecasts within �ve interquartile ranges
from the median for each forecast horizon in a given quarter.
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phia Fed. I also use the latest vintage (2021 Q4) to establish the econometrician's benchmark

for ex-post full-sample analysis. I obtain daily nominal zero-coupon yields data from R. S.

Gürkaynak et al., 2007. Ensuring consistency with the frequency and timing of the survey

data, I use the second-month-of-a-quarter average of daily yields as the quarterly yields,

unless speci�ed otherwise. My main sample is from 1983 to 2019, intentionally excluding

the great in�ation era and the COVID-19 period. I extend the sample period through 2022

for robustness checks and additional discussion.

2.2.1 Notation conventions

I follow the notation below to distinguish between di�erent types of expectations:

• Et [zt+ h] denotes the time-t econometrician's expectation of theh-period ahead variable

z. I also interchangeably call it the full-information rational expectation (FIRE).

• Ẽt [zt+ h] denotes the time-t subjective expectation of theh-period ahead variablez. I

also useẼX
t [zt+ h] to refer to subjective expectations formed with a speci�c expecta-

tional friction or bias X. I use the following abbreviations: LB for long-run bias, DE

for diagnostic expectations, OE for over-extrapolation, and NS for noisy signal.

• pEt [zt+ h] denotes the time-t survey forecast of theh-period ahead variablez, which is

an empirical proxy for subjective expectationsẼt [zt+ h].

2.3 Non-FIRE in�ation expectations in surveys

Traditional macroeconomic and �nance models often assume that agents form full-

information rational expectations (FIRE). Under FIRE, agents use all available information

to form the most accurate forecasts. Nordhaus, 1987 de�nes what constitutes an e�cient

forecast. A key implication of this kind of forecast is that one should not be able to predict

the future realized forecast error based on any information available today. Recent literature

relies on this implication to empirically test whether survey forecasts are FIRE. Speci�cally

for in�ation forecasts, which are the focus of this paper, various types of deviations from

FIRE have been documented.
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2.3.1 Non-FIRE in�ation expectations documented in the literature

A speci�c implication of FIRE is that forecast revisions from the past should not correlate

with future forecast errors. Coibion and Gorodnichenko, 2015 use this prediction to test

information rigidities in consensus survey forecasts. They specify the following regression

of forecast errors on forecast revisions, which I refer to as �FE-on-FR" regression for short.

Throughout this section, the sampling frequency is quarterly and forecast horizons are also

in quarters. Let pEt [p t� 1Ñ t+ h] represent the survey forecast formed at timet for the in�ation

rate from t � 1 to t + h:4

p t� 1Ñ t+ h � pEt [p t� 1Ñ t+ h] = a + bh( pEt [p t� 1Ñ t+ h] � pEt� 1[p t� 1Ñ t+ h]) + et+ h (2.1)

The forecast revision pEt [p t� 1Ñ t+ h] � pEt� 1[p t� 1Ñ t+ h] is in the time-t information set. If the

forecast pEt [p t� 1Ñ t+ h] is FIRE, then the slope of regression(2.1) is zero, bh = 0. When

bh � 0, the sign of bh implies that agents underreact to in�ation news when bh ¡ 0 or

overreact to in�ation news when bh   0.5 This is because the forecast revision re�ects

how agents respond to newly received information betweent � 1 and t. A positive forecast

revision with bh ¡ 0 (bh   0) predicts a corresponding positive (negative) forecast error,

implying the reaction is lesser (greater) than it would be in the FIRE scenario, where forecast

errors are unpredictable.

Implementing this regression with consensus in�ation forecasts (SPF GDP de�ator) for

h = 3 quarters, Coibion and Gorodnichenko, 2015 discovered thatb3 ¡ 0. Assuming

in�ation follows an AR(1) process, they demonstrate that information rigidities, such as

individual noisy signals or sticky information, can explain the positive b3 at the consensus

level, which violates the full information (FI) part of FIRE.

If non-FIRE in�ation expectations stem from information rigidities, as asserted by

Coibion and Gorodnichenko, 2015, we should �ndbh = 0 when the regression is applied to

individual forecasts. This rationale rests on the idea that the impact of information rigidities

4 In�ation release has a lag and the quarter- t survey is conducted during the second month of quarter t. Thus,
at the time the quarter- t survey is conducted, the in�ation rate of that quarter ( p t� 1Ñ t ) is also unknown and
a “nowcast" is formed by forecasters as well. So, I use the rate betweent � 1 to t + h, which is a convention in
the literature.

5 Here, “in�ation news" encompasses all news, not necessarily structural, that might prompt forecasters to
update their in�ation forecasts.
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in regression (2.1) arises from the aggregation process. Individual agents maintain rational

expectations, even when encountering information frictions, e.g., receiving noisy private sig-

nals. Using this intuition, Bordalo et al., 2020 extend regression (2.1) to individual forecasts

to distinctly test irrational expectations (the RE part of FIRE). Such a direct test of RE

does not apply at the consensus level due to the confounding e�ects of information rigidity.

Denote i as a speci�c forecaster. Bordalo et al., 2020 formulate the following regression,

which pools forecasts of all forecasters:

p t� 1Ñ t+ h � pEt,i [p t� 1Ñ t+ h] = a + bh( pEt,i [p t� 1Ñ t+ h] � pEt� 1,i [p t� 1Ñ t+ h]) + et+ h,i (2.2)

For CPI in�ation and h = 3 quarters, they observe a negativeb3, indicative of an in-

dividually irrational overreaction. They introduce an additional diagnostic expectations

mechanism that features overreaction through a form of recency bias. When combined with

the information rigidity as in Coibion and Gorodnichenko, 2015, this model e�ectively rec-

onciles survey evidence of both underreaction at the consensus level and the individual-level

overreaction.

2.3.2 A new dimension: Inferring properties of beliefs from forecasts
across horizons

To cast further light on the in�ation expectations formation, I explore an additional

dimension of survey data: forecasts across various horizons.6 The literature so far has

primarily focused either on a single horizon (e.g.,h = 3 in studies described above) or has

treated forecasts at di�erent horizons as largely independent. I argue that analyzing the

term structure of forecasts is informative about the underlying expectational mechanisms

and provides additional moments to test models of beliefs.

I exploit the term-structure information by �rst extending the FE-on-FR regressions at

the consensus level in (2.1) and individual level (2.2), incorporating multipleh = 0, 1, 2, and 3

on the CPI in�ation SPF forecast data for the period 1983�2019. Given that forecasters

simultaneously form forecasts for all horizons rather than independently for each horizon,

I employ the cumulative in�ation rate forecast from t � 1 to t + h, as opposed to a single

6 Appendix A.2 elaborates the differences between forecasting across horizons and the forecast time-series
detailed in Angeletos et al., 2021.
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quarter from t + h� 1 to t + h. Panel A of Figure 2.1 illustrates thebh coe�cients, including

a 90% con�dence interval for various forecast horizonsh. The triangle (diamond) symbols

represent the coe�cients in the consensus (individual) FE-on-FR regressions, respectively.

For the h = 3 horizon, I observe that b3 ¡ 0 in the consensus andb3   0 in the

individual forecasts, consistent with the results from Coibion and Gorodnichenko, 2015

and Bordalo et al., 2020. More importantly, both the consensus and individual regression

coe�cients decline across horizons, and the di�erences in short- vs. longer-horizon loadings

are statistically signi�cant. 7 Panel B highlights a more signi�cant decrease across horizons

in a more recent subsample, 2000�2019, when in�ation was more stable. This subsample

is a robustness check that the full-sample results are not driven by large in�ation shocks

during the initial post-1983 period but rather re�ect the underlying behavior of in�ation

expectations. Appendix Figures A.1 and A.2 rea�rm this downward slope across di�erent

surveys, inclduing Blue Chip, and other consumption in�ation measures, e.g., core CPI and

PCE in�ation.

How does the new cross-horizon evidence help identify the non-FIRE expectation for-

mation model? Both Coibion and Gorodnichenko, 2015 and Bordalo et al., 2020 propose

economic mechanisms to reconcile their �ndings under the assumption that in�ation fol-

lows an AR(1) process. However, under AR(1), both information rigidity and diagnostic

expectations imply constant coe�cient b regardless of the horizonh.8 Thus, the downward

slope across horizon seen in Figure 2.1 is inconsistent with the information rigidity and di-

agnostic expectations. Nonetheless, using this inconsistency to reject the two models must

be contextualized within the particular AR(1) data-generating process (DGP) they assume.

Therefore, in the next section, I consider the joint hypothesis issue and analyze what is the

right DGP to assume.

2.4 The data generating process for in�ation

Distinguishing non-FIRE mechanisms using the cross-horizon survey evidence necessarily

relies on the assumed DGP. This leads to a joint hypothesis problem. Does the �nding

7 b0 � b3 is signi�cantly larger than 0 at 1% and b1 � b3 is also signi�cantly larger than 0 at 5%.

8 See equations (5) and (9) of Coibion and Gorodnichenko, 2015 and Proposition 2 of Bordalo et al., 2020
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A. 1983-2019 B. 2000-2019

FIGURE 2.1. Under-/overreaction across horizons. The �gure plots the estimated coef�cients bh across differ-
ent horizons h of the in�ation FE-on-FR regressions (2.1) and (2.2). Horizons are in quarters. I use real-time
realized CPI in�ation rate from the Philadelphia Fed and the CPI in�ation forecasts from the SPF survey.
Red triangles and blue diamonds denote coef�cients from consensus and individual regressions, respectively.
Panel A displays the results of the sample period 1983 to 2019, whereas Panel B considers a more recent sample
period of 2000 to 2019. The spikes report the 90% con�dence interval, which is calculated with HAC robust
standard error.

that a belief model is inconsistent with the evidence constitute a rejection of a particular

non-FIRE model or the assumed DGP? Typically, studies exploring deviations from FIRE

abstract from the joint hypothesis issue and employ stylized objective dynamics (e.g., AR(1))

for illustrative purposes. Ideally, conclusions regarding a belief model should be robust

to di�erent possible DGPs; unfortunately, this level of generality is di�cult to attain in

practice. Hence, to address this issue as best as possible, I instead compare di�erent in�ation

DGPs proposed in the literature and select one that best describes in�ation dynamics in

the historical sample. In the subsequent sections, I then analyze the non-FIRE beliefs

conditional on this DGP. For robustness, I also check to ensure that my conclusions in later

sections hold under alternative DGPs used in the literature.

2.4.1 A trend-gap DGP of in�ation

Since the DGP also serves as the FIRE benchmark from the econometrician's perspective,

a natural approach is to choose the dynamics that best forecast in�ation. Motivated by the

extensive literature on in�ation forecasting, I propose a trend-gap model in which in�ation
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is driven by a random-walk trend p̄ plus an AR(1) gap componentp̃ :

p t+ 1 � p tÑ t+ 1 = p̄ t+ 1 + p̃ t+ 1

p̄ t+ 1 = p̄ t + s̄p wp̄ ,t+ 1, wp̄ ,t+ 1 � i.i.d N(0, 1) (2.3)

p̃ t+ 1 = r̃ p̃ t + s̃p wp̃ ,t+ 1, wp̃ ,t+ 1 � i.i.d N(0, 1)

To simplify the notation, I use a single subscript to denote a single-period in�ation rate

p t+ 1 � p tÑ t+ 1. Based on this DGP, an econometrician would form FIRE in�ation forecast

by:

Et [p t+ h] = Et [p̄ t ] + r̃ hEt [p̃ t ], (2.4)

whereEt [p̄ t ] and Et [p̃ t ] can be obtained by a Kalman �lter on the quarterly realized in�ation

rate p t .

Faust and Wright, 2013 have demonstrated that the trend-gap model performs particu-

larly well in forecasting in�ation compared to a range of candidate models. As conclusions on

in�ation forecasting may be sensitive to the sample period, I show that the proposed model

continues to overperform other popular speci�cations over my main 1983�2019 sample. I

focus on �ve univariate9 alternatives: random walk (RW), moving-average random walk

from Atkeson, Ohanian, et al., 2001 (RW-AO), AR(p), ARMA(1,1), and an unobserved-

component stochastic volatility model from J. H. Stock and Watson, 2007 (UCSV). Ang

et al., 2007 determine that the ARMA(1,1) model yields the best results, whereas Faust and

Wright, 2013 favor the trend-gap model. The details of these dynamics and the comparison

are explained in Appendix A.3.

2.4.2 Subjective beliefs of objective dynamics

Before evaluating the speci�c non-FIRE models, I �rst establish that the trend-gap model

also aligns with how forecasters think about the in�ation DGP.10 A testable implication that

9 Univariate in�ation-forecasting model is a class of models that only relies on in�ation series (current realiza-
tion and ). Based on Ang et al., 2007 and Faust and Wright, 2013, univariate models are known to outperform
multivariate dynamics in forecasting in�ation.

10 Generally speaking, subjective dynamics can diverge from objective dynamics, as seen in the notion of
natural expectation presented in Fuster et al., 2010. In this study, I operate under the assumption that objective
and subjective dynamics share the same form, concentrating on the exploration of non-FIRE mechanisms
contingent on this premise. Consequently, my objective is to pinpoint a single DGP that accommodates both
objective and subjective expectations.
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di�erentiates the trend-gap model (a two-component model) from the above alternatives

(each a single-component model) is an increasing autoregressive coe�cient across forecast

horizons that trend-gap dynamics imply. This implication arises because, at shorter horizons,

forecasts are in�uenced by both the trend and the AR gap components. Consequently, the

autoregression coe�cient mirrors the combined persistence of the trend (equal to 1) and the

AR gap (less than 1). As the value ofh increases, the trend component begins dominate the

forecast and, thus, the autoregressive coe�cient converges to 1. I test this hypothesis with

the following two regressions:

pEt [p t+ h] � pEt� 1[p t+ h] = const.+ gh( pEt [p t+ h� 1] � pEt� 1[p t+ h� 1]) + et (2.5)

pEt [p t+ h] = const.+ bh
pEt� 1[p t+ h� 1] + et (2.6)

Equation (2.5) is a cross-sectional regression ofh-horizon forecast revision on theh � 1-

horizon forecast revision, both revisions are as of timet. Equation (2.6) regresses the time-t

forecast for the h-horizon ahead in�ation rate on the time-t � 1 forecast for the h-horizon

ahead in�ation rate. Importantly, while forecasts on both sides of the equation relate to a

�xed number of quarters ahead, they do not pertain to the same actual quarter.

Given that these regressions exclusively employ subjective forecasts, they reveal the

subjective perceptions of forecasters about the dynamics of the in�ation rate. Under the

trend-gap DGP, I show that both gh and bh exhibit an increasing pattern ash increases. I

further prove that under the alternative dynamics explored in Section 2.4.1, the parameters

gh and bh are either constant or decrease across the horizonsh. Appendix A.1.1 contains

the detailed derivations. Thus, if real-time forecasters use the trend-gap model to build their

predictions, we expectgh and bh to rise in h.

Table 2.1 reports the estimates of regressions (2.5) and (2.6).11 Both coe�cients are

increasing in h, supporting the hypothesis that survey forecasters think in terms of the

trend-gap dynamics. Appendix Table A.4 corroborates this conclusion using the Blue Chip

11 I intentionally exclude h = 0 due to the distinct structure of the nowcast, which needs a separate discussion
that is not relevant to the point I am making. Coef�cient bh spans horizons from 1 to 4 quarters. The horizons
for gh range from 1 to 3 given that the SPF's maximum forecast horizon is 4, and the 4-quarter ahead forecast
from t � 1 is needed to establish the forecast revision ofh = 3 at time t.
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Table 2.1. Survey autoregression. This table reports the coef�cient estimates of regressions (2.5) and (2.6). The
regressions are estimated on quarterly CPI in�ation forecasts of SPF, and the sample period is 1983-2019. The
last two rows report results when excluding recession periods classi�ed by NBER. Each column corresponds
to one speci�c horizon h, and the last column reports the difference between h = 3 (h = 4) and h = 1 for
gh (bh). Newey-West standard errors of the estimated coef�cients are reported in parenthesis. The difference
follows a c2 distribution whose statistic is reported in square brackets, and *, **, *** denote the difference is
larger than 0 at 10%, 5%, 1% signi�cance levels, respectively.

Horizon h=1 h=2 h=3 h=4 3-1 or 4-1

gh 0.305 0.628 0.852 0.547***

(0.035) (0.082) (0.042) [91.744]

bh 0.881 0.932 0.937 0.944 0.063**

(0.031) (0.032) (0.020) (0.021) [4.775]

gh (exclude recessions) 0.272 0.771 0.901 0.629***

(0.048) (0.063) (0.030) [148.513]

bh (exclude recessions) 0.917 0.932 0.939 0.945 0.028**

(0.037) (0.025) (0.020) (0.024) [3.056]

data.12

In sum, evidence from the statistical forecasts and real-time in�ation surveys both sup-

port the trend-gap dynamics as a realistic description of the in�ation DGP. Therefore, I

condition my subsequent analysis on this DGP assumption.

2.5 Subjective expectations models that explain non-FIRE in�a-
tion forecasts

So how do survey forecasters form in�ation beliefs? I �rst describe leading non-FIRE

models proposed in the literature. I calibrate the parameters of each model to the FE-on-FR

regression coe�cients and show that they are not able to generate the downward-sloped FE-

on-FR regression coe�cients across forecast horizons as seen in Figure 2.1. I then propose a

new non-FIRE belief mechanism, which I term as the �long-run bias", LB for short. Finally,

I compare all models in a general econometric framework, aiming to �t the time series of

survey data at di�erent horizons.

2.5.1 Econometrician's FIRE benchmark

Econometrician is fully Bayesian and forms in�ation expectations under FIRE using the

trend-gap dynamics and the standard Kalman �lter. The true in�ation states are imperfectly

12 Goldstein and Gorodnichenko, 2022 use an analogous approach to regressions (2.5) and (2.6) and arrive at
comparable �ndings. They interpret the increasing regression coef�cients as indicators for different signals at
different forecast horizons, while I interpret from the DGP perspective.
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observed. An econometrician observes a signalSt = p t , which is the realized in�ation rate.

To forecast in�ation, econometrician needs to infer the trend and gap components, as they

are not separately observed. Denotex t = [p̄ t , p̃ t ]
1, then Et [x t ] is the econometrician's time-

t belief of the latent statesx t . Denoting H = [ 1, 1]1, the econometrician forms a forecast of

in�ation according to:

Et [x t ]l jh n

Posterior belief

= AEt� 1[x t� 1]
l jh n

Prior belief

+ K(St � H1AEt� 1[x t� 1])
l jh n

Update

(2.7)

Et [p t+ h] = H1AhEt [x t ],

where A = diag(1, r̃ ) and Q = diag( s̄p , s̃p ) with diag denoting a diagonal matrix. K =

[k̄p , k̃p ]1 is the steady state Kalman gain andK = SH1(HSH1) � 1. The S is solved by the

Lyapunov equation S = ASA1+ Q � ASH1(HSH1) � 1HSA1.

During the updating process(2.7), an econometrician starts with a prior (time-t� 1) belief

of the time-t states Et� 1[x t ] = AEt� 1[x t� 1] and updates the belief according to the shock

they observeSt � H1AEt� 1[x t� 1] (her observed realized in�ation minus the expected value).

The Kalman gain vector can be interpreted ask̄p portion of the shock is attributed to the

trend in�ation p̄ t and k̃p portion is to the gap p̃ t . I treat expectations formed in this way

as the FIRE benchmark.

2.5.2 Noisy signal, diagnostic expectations, and over-extrapolation

I consider three leading non-FIRE mechanisms from the literature: the noisy signal

(NS) in Coibion and Gorodnichenko, 2015, the diagnostic expectations (DE) in Bordalo

et al., 2020, and the over-extrapolation (OE) via persistence, which is another overreaction

mechanism frequently assumed in macro and �nance models.13

Noisy signal (NS): The noisy signal model in Coibion and Gorodnichenko, 2015 assumes

individual agent i observes a noisy signalSi
t = p t + s##i ,t , where #i ,t � i.i.d N(0, 1) is the

individual noise and s# is the parameter determining the size of the noise. Individuali forms

beliefs according to:

ẼNS
t,i [x t ] = AẼNS

t� 1,i [x t� 1] + KNS(St,i � H1AẼNS
t� 1,i [x t� 1]), (2.8)

13 For example, Gabaix, 2020, Angeletos et al., 2021, and Wang, 2021.
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where KNS = SNSH1(HSNSH1+ s2
#) � 1 is the stead-state Kalman gain with noisy signal,

and SNS = ASNSA1+ Q � ASNSH1(HSNSH1+ s2
#) � 1HSNSA1. KNS is smaller than the

FIRE benchmark as agents now attribute part of the shock they observe to noise. Assume

there is a continuum of individuals. Integrating both sides of (2.8) over individuali implies:

ẼNS
t [x t ] = AẼNS

t� 1[x t� 1] + KNS(St � H1AẼNS
t� 1[x t� 1]) (2.9)

ẼNS
t [p t+ h] = H1AhẼNS

t [x t ],

where
³

Si
tdi = St and ẼNS

t [x t ] =
³

ẼNS
t,i [x t ]di is the aggregate belief (consensus forecasts).

At the aggregate level, the update is still determined byKNS. However, given that the

individual noise cancels out in the signalSt , the fact that KNS   K (both the trend and the

gap Kalman gains are smaller) leads to underreaction.

The evidence from the FE-on-FR regressions (2.1) and (2.2), i.e., the positivebh at the

consensus level and the negativebh at the individual level, requires a model that simul-

taneously allows for under- and overreaction. The relative strength of these expectational

frictions should vary with forecast horizon. I focus on identifying the overreaction mechanism

that can explain this pattern. I retain the noisy signal as the only source of underreaction

throughout the remainder of the paper.

Diagnostic expectations (DE): Bordalo et al., 2020 propose diagnostic expectations in

addition to noisy signal to reconcile the positive regression coe�cient at the consensus level

but the negative one at the individual level. The diagnostic expectations can be motivated by

distortions stemming from the representativeness heuristic. Under the trend-gap dynamics,

the aggregate belief under diagnostic expectations implies the following reduced form (see

Appendix A.1.2 for a proof):

ẼDE
t [x t ] = AEt� 1[x t� 1] + ( 1 + q)K(St � H1AEt� 1[x t� 1]), (2.10)

where q denotes the magnitude of the diagnostic distortion and should be larger than 0.

When q = 0, the belief becomes FIRE, i.e.,ẼDE
t [x ] = Et [x ]. If one further allows individual

noisy signals, equation (2.10) becomes:

ẼDE
t [x t ] = AẼNS

t� 1[x t� 1] + ( 1 + q)KNS(St � H1AẼNS
t� 1[x t� 1]) (2.11)

ẼDE
t [p t+ h] = H1AhẼDE

t [x t ].
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Over-extrapolation (OE): Angeletos et al., 2021 instead propose over-extrapolation via

persistence, in addition to the noisy signal, to generate overreaction at the individual level

and delayed over-shooting of expectations in the time-series dimension.14 Agents believe

that the persistence of in�ation is higher than its true value. Within the framework of the

trend-gap model, such over-extrapolation can only in�uence the gap component.15 When

both over-extrapolation and the noisy signal are present, the dynamics of the aggregate

belief become as follows:

ẼOE
t [x t ] = ÃẼOE

t� 1[x t� 1] + KOE(St � H1ÃẼOE
t� 1[x t� 1]) (2.12)

ẼOE
t [p t+ h] = H1ÃhẼOE

t [x t ],

where Ã = diag(1, r̂ ) and r̂ ¡ r̃ . KOE = SOEH1(HSOEH1+ s2
#) � 1, SOE = ÃSOEÃ1+ Q �

ÃSOEH1(HSOEH1+ s2
#) � 1HSOEÃ1.

Conditional on the objective trend-gap dynamics estimated in Section 2.4.1 (which pin

down parametersr̃ , s̄p , and s̃p ), beliefs in (2.11) and (2.12) each introduce only two addi-

tional free parameters, which govern the size of the noisy signal and the degree of diagnostic

expectations or over-extrapolation. The free parameters ares# and q for the combination

of noisy signal and diagnostic expectations (NS+DE), ands# and r̂ for the combination of

noisy signal and over-extrapolation (NS+OE).

Now, I turn to testing whether these combinations can reconcile the new cross-horizon

evidence presented in Figure 2.1. I use the simulated method of moments (SMM) to calibrate

the parameters that govern beliefs to match both the consensus and individual FE-on-FR

regression coe�cients from (2.1) and (2.2) across all horizonsh.16 Speci�cally, for each pair

of t s#, qu or t s#, r̂ u, I simulate the data based on (2.11) or (2.12).17 I construct forecast errors

14 They show that forecasters initially underreact to news but as time moves they eventually overreact. This
is different from the cross-horizon dimension I am analyzing since new information arrives over time. Ap-
pendix A.2 elaborates on this difference. They also introduce an over-con�dence mechanism where agents'
subjectively perceived noise size is smaller than its actual size. I abstract from the over-con�dence aspect here
since it does not signi�cantly affect the cross-horizon forecasts but adds an additional degree of freedom.

15 The trend component follows a random walk, precluding further over-extrapolation. This limitation is
reasonable in practice, as demonstrated by Afrouzi et al., 2023, who found that such extrapolation behavior is
more pronounced for less persistent processes through experimental studies.

16 Refer to Appendix Figure A.4 for calibration with only h = 3.

17 To emulate the nowcast (h = 0) in real data, I simulate at a monthly frequency, converting the parameters
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and revisions across horizons and run regressions based on the simulated data. Finally, I

record the pair of parameters that minimize the distance between the empirical and the

simulated regression coe�cients, both at the consensus and individual levels.

Figure 2.2 overlays results from Figure 2.1 with simulated regression moments generated

under di�erent non-FIRE beliefs. The left panel depicts the consensus regression coe�cients,

and the right panel focuses on the individual-level regression coe�cients. The noisy signal

combined with diagnostic expectations (NS+DE indicated by yellow dotted lines) generates

an almost �at curve across horizons at both the consensus and individual levels. The noisy

signal paired with over-extrapolation (NS+OE shown as green dotted lines) produces slightly

downward-sloping coe�cients but di�ers quantitatively from the data, especially at the

consensus level.

The inability to match the cross-horizon coe�cients indicates that the DE and OE models

fail to explain the extent of overreaction in survey data. Intuitively, the downward-sloping

coe�cients seen in Figure 2.1 necessitate that the strength of overreaction increases with the

forecast horizon. To see the source of the tension, consider an illustrative scenario of a one-

period belief formation, where the prior belief at time t � 1 for any subjective expectation

is set at 0 � that is, ẼBias
t� 1 [x t ] = 0, @Bias. Agents observe new signals at timet and form

expectations based on a speci�c mechanism. Diagnostic expectations amplify the time-t

expectation updates for all horizons by a �xed number, q. Over-extrapolation induces a

r̂ h � r̃ h amount of overreaction for the h-quarter ahead forecast. Whenr̂ is below 1, as

suggested by estimates in Table 2.1, the gap between the perceivedr̂ h and the actual r̃ h

either decreases as a function ofh (within the range 0 ¤ h ¤ 4) or exhibits a hump shape,

indicating a higher overreaction at short-to-medium horizons. This one-period intuition

remains valid when considering a multi-period expectation formation.

2.5.3 A new overreaction model: The long-run bias

Under the trend-gap in�ation dynamics, forecasters must distinguish between two com-

ponents to build forecasts. However, empirically separating the small (locally smooth) yet

estimated at a quarterly frequency to a monthly one. The nowcast in the simulation is de�ned as knowing the
current month's realization and forming forecasts for the remaining two months in the current quarter.
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FIGURE 2.2. Non-FIRE models calibration. The �gure superimposes Panel A of Figure 2.1 to compare the
FE-on-FR regression coef�cients from the survey data and from different expectation formation models. The
left panel plots the coef�cients from consensus forecast regressions and the right panel is from the individ-
ual forecast regressions. Different expectation formation models are calibrated respectively by targeting at all
eight regression moments using the CPI in�ation forecasts of SPF over 1983-2019. Green dashed line (square
marker) denotes the noisy signal plus over-extrapolation model. Yellow dash-dotted line (circle marker) de-
notes the noisy signal plus diagnostic expectations model. Black line (diamond marker) denotes the noisy
signal plus long-run bias model.

persistent trend from a large volatile but transitory gap in in�ation is challenging. 18 A dis-

tortion in inference can lead to under- or overreaction of beliefs from an ex-post perspective.

If forecasters mistakenly allocate a portion of the gap to the trend, they will perceive a

larger persistent component of in�ation relative to FIRE, leading to overreaction. I refer to

this type of bias as the �long-run bias," whereby agents incorrectly assume that an in�ation

shock will propagate into the long run. I explore a speci�c channel where forecasters hold

biased subjective beliefs about the respective volatilities of the trend and gap shocks.

The Kalman gain K in equation (2.7) is determined by the volatility Q of the trend and

the gap shocks. The extent to which the realized in�ation shock can be attributed to either

18 Appendix A.4 furnishes additional evidence that survey forecasters do not observe the trend and gap com-
ponents separately, thus necessitating an unobserved component model. The issue of separating persistent
from transitory dynamics is prevalent in long-run risk literature as highlighted by Bansal and Yaron, 2004,
and in discussions on monetary policy, such as in Kozicki and Tinsley, 2005. The work of Hansen and Sargent,
2006 relies on robust control considerations to address this issue. See also Croce et al., 2015 and Farmer et al.,
forthcoming.
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the trend shock wp̄ or the gap shockwp̃ depends on their relative volatilities. The more

volatile one shock is relative to the other, the greater its contribution to the realized shock

on average. A biased subjective perception of volatilityQ means that agents incorrectly

attribute volatility to its sources. 19

I capture this behavior using the following reduced form:

Subjective volatility: Q̂ =
�
as̄p 0

0 b(a) s̃p

�
(2.13)

ẼLB
t [x t ] = AẼLB

t� 1[x t� 1] + KLB(St � H1AẼLB
t� 1[x t� 1]) (2.14)

ẼLB
t [p t+ h] = H1AhẼLB

t [x t ]

where b(a) =
b

1 � (a2� 1) s̄2
p

s̃2
p

is a normalization such that the conditional volatility of the

realized in�ation shock remains the same as in the unbiased case, i.e.,a2s̄2
p + b(a)2s̃2

p = s̄2
p +

s̃2
p . Combined with noisy signal mechanism, this impliesKLB = SLBH1(HSLBH1+ s2

#) � 1,

SLB = ASLBA1+ Q̂ � ASLBH1(HSLBH1+ s2
#) � 1HSLBA1. If s# = 0, there is no noisy signal.

When a ¡ 1, b(a)   1, agents excessively attribute in�ation news they perceive to the

trend shock. This results in an overreaction because a portion of the shock that should

rationally be considered as transitory is now associated with the trend and is believed to

persist into the future. The reduced-form model additionally accommodates a �short-run

bias" when a   1. However, subsequent analysis indicates that it is not supported by

in�ation surveys.

Is the long-run bias capable of generating the cross-horizon FE-on-FR results depicted in

Figure 2.1? I use the same calibration procedure as before, targeting regression coe�cients

of both consensus and individual forecasts across all forecast horizons to determine the

magnitude of the noisy signal s# and the long-run bias a. The black line in Figure 2.2

illustrates the simulated regression coe�cients. Remarkably, the long-run bias aligns more

accurately with the declining FE-on-FR coe�cients compared to both over-extrapolation

and diagnostic expectations. The calibrateda parameter is 1.96, consistent with agents

19 This �awed belief is not necessarily irrational from the forecasters' standpoint. As discussed in Bidder and
Dew-Becker, 2016, such a biased belief could be rational in scenarios where agents face model uncertainty and
exhibit ambiguity aversion. Agents may optimally assign greater volatility to the trend component because,
for them, the trend poses a greater threat than the gap due to its persistence.
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overweighting the volatility of trend shocks.

To illustrate why the long-run bias can generate declining FE-on-FR coe�cients, let's

compare the long-run biased Kalman gain,KLB = [ k̄LB
p , k̃LB

p ]1, with the Kalman gain under

FIRE, K = [ k̄p , k̃p ]1. Recall that the Kalman gain vector determines proportionally how

much to update each in�ation blief component (trend or gap). In the presence of the long-

run bias, k̄LB
p ¡ k̄p and k̃LB

p   k̃p . SupposeK = [ 0.1, 0.9] and KLB = [ 0.2, 0.8]. Consider

a scenario when an agent has a prior belief of̃Et� 1[x t ] = 0 and observes an unexpected 1

percentage point (pp) increase in in�ation on time t. If she updates the belief according to

FIRE, i.e., (2.7), she would revise upward the trend in�ation belief (Ẽt [p̄ t ]) by 0.1 pp and

the gap in�ation belief ( Ẽt [p̃ t ]) by 0.9 pp. On the contrary, an LB agent, i.e., (2.14), would

instead revise upward the trend belief by0.2 pp and the gap belief by0.8 pp. So, relative to

FIRE, 0.1 pp is erroneously shift from gap belief update to the trend by the LB agent. This

shift yields an overreaction forh-horizon ahead forecastẼLB
t [p t+ h] � Et [p t+ h] = 0.1(1 � r̃ h).

The size of this overreaction gets ampli�ed ash grows, inducing an increasingly strong

overreaction at longer horizons.

The long-run bias in the above illustration can also be intuitively interpreted as a form of

extreme over-extrapolation whereby agents exaggerate the persistence of0.1 pp transitory

in�ation shock as if r̃ = 1. However, the long-run bias and the over-extrapolation are

conceptually di�erent. Under the long-run bias, agents' perceptions of the variance of the

trend and gap shocks are biased, while in over-extrapolation, they are not.

From here on, I will treat the noisy signal plus long-run bias (NS+LB) in�ation expecta-

tions as my benchmark model. As a caveat, the long-run bias is speci�c to cases where the

objective dynamics are characterized by multiple components, such as the trend-gap model

I adopt. This prerequisite is not as restrictive as it may seem, given extensive literature

and my evidence so far documenting that such dynamics plausibly describe the real-world

complexity of in�ation.
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2.5.4 Is the long-run bias supported by in�ation surveys?

The evidence so far relies on calibrating beliefs to FE-on-FR regression moments and thus

uses only part of the rich information available in the survey data across horizons and in the

time series. I now turn to estimating in�ation belief models directly on the comprehensive

survey data. Speci�cally, conditional on the econometrician's estimated FIRE parameters

(r̃ , s̄p , and s̃p ), I estimate each non-FIRE model, in equations (2.7), (2.9), (2.11), (2.12), and

(2.14), with maximum likelihood combined with the Kalman �lter. I use the log-likelihood

to characterize how well a model aligns with the survey data and for model comparison.

Estimation details are in Appendix A.6.

Table 2.2 reports the log-likelihoods from di�erent speci�cations. A higher log-likelihood

indicates a better �t to the surveys. A direct comparison between di�erent models requires

that the models be nested within each other. When models are nested, the likelihood ratio

test can be employed to discern whether a more complex (with more features) signi�cantly

outperforms a simpler one. The test statistic, comparing a more complex model 1 to a

nested model 2, is given byLR = 2( loglik1 � loglik2). LR asymptotically follows a c2(nd f )

distribution, with degrees of freedomnd f equal to the number of additional parameters in

model 1. In Table 2.2, FIRE is nested in the noisy signal model, and the noisy signal model

is further nested in all the other models which, in addition to noisy signal, feature a non-RE

belief distortion. Thus, I consider the following speci�cations: FIRE, NS only, combinations

NS+DE, NS+OE, and NS+LB, and the encompassing speci�cation with NS+DE+OE+LB.

Three conclusions can be drawn from the estimates. First, the data does not support

diagnostic expectations or over-extrapolation, i.e., I cannot reject thatq = 0 in NS+DE

and r̂ = r̃ in NS+OE speci�cations. These two behavioral mechanisms are not evidenced

when considering survey forecasts of multiple horizons, which is also the conclusion from

the calibration in Figure 2.2.

Second, the estimates imply a signi�cant long-run bias, witha = 1.45 and signi�cantly

larger than one. Table 2.3 presents the estimated parameters of the NS+LB model as

well as the implied Kalman gain vector. The table also reports Kalman gain vectors from

counterfactual models when there is no long-run bias or noisy signal. The noisy signal
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Table 2.2. In-sample log-likelihood of different expectation models. This table reports the log-likelihood
of different models �tting the 1983-2019 CPI in�ation forecasts of the SPF across all horizons (nowcast to
4-quarter ahead). Likelihoods from nested models are comparable. FIRE is the full-information rational ex-
pectations model, which is also the econometrician's benchmark. NS refers to the noisy signal model, DE
is the diagnostic expectations, and LB is the long-run bias. Diagnostic expectations are originally de�ned as
q ¥ 0 and over-extrapolation is de�ned as r̂ ¥ r̃ . However, I also estimate models with any q or r̂ by treating
them as reduced-form free parameters from a statistical model.

Model FIRE NS NS + DE (q ¥ 0) NS + OE (r̂ = r̃ )

Log-likelihood -109.10 -61.77 -61.77 -61.77

Model NS + DE (Any q) NS + OE (Any r̂ )

Log-likelihood -45.93 -44.61

Model NS + LB NS + DE (Any q) + OE (Any r̂ ) + LB

Log-likelihood -34.74 -33.42

decreases the Kalman gains for both the trend and the gap updates, while adding long-run

bias leads to a shift of the belief update from the gap to the trend. Thea = 1.45 causes

almost a 50% increase in the attribution to trend belief (from 0.051 to 0.073),20 resulting in

an even larger trend belief attribution than that in the FIRE case (0.065 vs. 0.073), albeit

the underreaction caused by NS. This is the reason why in Section 2.5.5, I have overreaction

even at the consensus level when forecast horizons are long enough.

Third, NS+LB model signi�cantly improves the log-likelihood over just a noisy sig-

nal model. The NS-only speci�cation is rejected at the 1% level in favor of the NS+LS

model (LR = 54.06 and p(c2 ¥ LR)   0.01). An encompassing model, incorporating all

mechanisms and absent the constraints ofq ¥ 0 and r̂ ¥ r̃ , does not generate a signif-

icant increase in log-likelihood over the NS+LB model as evidenced byLR = 2.64 and

p(c2 ¥ LR) = 0.2671. Consequently, the NS+LB emerges as the preferred speci�cation for

matching the in�ation surveys.

In addition to the likelihood-ratio tests describing an average model �t to all horizons,

I also analyze the �t of each model at each forecast horizon to better discriminate among

models. Appendix Table A.5 reports the corresponding in-sample RMSEs. Compared to

the FIRE (the econometrician's benchmark), the NS model signi�cantly improves the �t

20 This magnitude is economically large. The annualized change (in absolute value) of the quarterly CPI
in�ation rate within the sample period has a magnitude of 1.55 percentage points. This magnitude implies
the increased attribution is around 3.6 basis points per quarter. Accumulating across time, when repeated
negative in�ation shocks were seen since 1980s, this bias had a large effect on trend in�ation belief and results
in the effect on long-term bonds depicted Chapter 3.

24



Table 2.3. Estimated parameters of NS+LB expectation model. The upper panel of this table reports the
estimated parameters of the NS+LB model. The standard errors of s# and a are reported in the parenthesis,
which are calculated via the Delta method. The lower panel reports the implied Kalman gain vectors. Each
vector (column) contains two values corresponding to the Kalman gain of the trend and the gap, respectively.
The value of the Kalman gain indicates how much agents update their trend in�ation belief or gap in�ation
belief following a 1-unit realized in�ation shock. The three columns correspond to the FIRE model, the NS-
only model, and the benchmark NS + LB model, respectively.

Parameter s# a r̃ s̄p s̃p

Estimation 1.400 1.450 0.252 0.118 1.761

(0.048) (0.053)

Kalman gain FIRE NS only NS+LB

(s# = 0, a = 1) (s# = 1.400,a = 1) (s# = 1.400,a = 1.450)

Trend 0.0653 0.0509 0.0734

Gap 0.9347 0.5836 0.5673

of survey data at the short horizon,21 especially for the nowcast (h = 0). However, this

improvement comes at the cost of a worse �t at longer horizons. This �nding is consistent

with the intuition from Section 2.3: short-horizon forecasts display more underreaction than

long-horizon forecasts. Combining noisy signal with the long-run bias, the NS+LB model

allows for more underreaction at the short horizon and simultaneously less underreaction at

the long horizon, thus simultaneously matching all horizons.

I further simulate the estimated NS+LB model and replicate the FE-on-FR regressions

from Coibion and Gorodnichenko, 2015 and Bordalo et al., 2020 on simulated data. Table

2.4 compares the model-based and empirical regression coe�cients.22 Even though I do not

target the FE-on-FR regression coe�cients in the estimation, the NS+LB model matches

these moments closely. Table 2.4 also reports model-impliedbh and gh in the time-series

regressions (2.5) and (2.6), showing that they align empirical counterparts in Table 2.1. In

sum, the evidence collected so far indicates that the NS+LB model describes the properties

of the survey in�ation expectations well.

21 Recall that in the noisy signal model, aggregate forecasts underreact to news.

22 In the simulation, I also consider the time-series tests performed by Angeletos et al., 2021. The results for
Angeletos et al., 2021 are plotted in Panel B of Appendix Figure A.5.
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Table 2.4. Estimated model implied reduced-form regression moments. This table compares several regres-
sion moments using the survey data and model-simulated data. I use the CPI in�ation forecasts from SPF with
sample period 1983-2019 and the simulated data from the estimated NS+LB model in Table 2.3. Compared
moments include coef�cients of consensus and individual FE-on-FR regressions (2.1) and (2.2) at h = 3 and bh
and gh in regression (2.5) and (2.6). The survey-based coef�cients of the FE-on-FR regressions are the same as
those in Figure 2.1 and the bh and gh are the same as those reported in Table 2.1.

FE-on-FR regressions (2.1) and (2.2) Forecast dynamics regressions (2.5) and (2.6)

Consensus (h = 3) Individual ( h = 3) bh (h = 1) bh (h = 4) gh (h = 1) gh (h = 3)

Data coef. 0.151 -0.219 0.881 0.944 0.305 0.852

(0.135) (0.084) (0.031) (0.021) (0.035) (0.042)

Model coef. 0.163 -0.178 0.756 0.960 0.338 0.753

2.5.5 Implications of different non-FIRE mechanisms for in�ation ex-
pectations at distant horizons

Previous discussion focuses on expectations at relatively short horizons, a limitation

noted in various studies due to the sparsely available and potentially low-quality long-horizon

forecasts.23 However, for various economic questions, especially bond pricing, understanding

long-horizon beliefs is crucial. I summarize the implications of di�erent belief models at

distant horizons in Figure 2.3. Speci�cally, I expand the forecast horizonh in the FE-on-

FR regression(2.1) using model-simulated data. This analysis reveals that di�erent beliefs

can lead to fundamentally di�erent long-horizon forecasts. The NS+LB model generates a

negative slope coe�cient (b) in the FE-on-FR regression (indicating overreaction) for long-

horizon in�ation forecasts, even at the consensus level. In contrast, both over-extrapolation

and diagnostic expectations models continue to suggest positiveb values (pointing to an

underreaction) at long horizons.

2.6 Conclusions

I analyze survey in�ation forecasts across various horizons to cast light on the mechanism

behind in�ation beliefs. Short-horizon survey forecasts of in�ation underreact, while long-

horizon forecasts overreact to in�ation news. I propose an expectational friction, termed

long-run bias, wherein agents subjectively attribute a portion of transitory shocks to per-

manent shocks. This mechanism leads to beliefs' overreaction to news, whose magnitude

intensi�es at long horizons. Combined with an individual noisy signal mechanism, which pro-

23 See, e.g., Duffee, 2018, Froot and Ito, 1989, and Stark, 2013 for a detailed discussion.
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FIGURE 2.3. Long-horizon beliefs. The �gure plots the bh coef�cients of the consensus FE-on-FR regression
(2.1) using arti�cial long horizon (up to h = 15) model simulated data. Regressions are based on simulated
data from different in�ation expectation models, including noisy signal plus over-extrapolation (green dashed
line), diagnostic expectations (yellow dash-dotted line), and long-run bias (black line). The �gure also super-
imposes the consensus regression coef�cients of short-horizon survey forecasts as well as the 90% con�dence
intervals.

duces underreaction, this new in�ation expectations model can reconcile the cross-horizon

properties of survey forecasts. In contrast, state-of-the-art overreaction mechanisms in the

literature, over-extrapolation or diagnostic expectations, fail to match survey data across

horizons, even if we allow for more complex and realistic dynamics of in�ation to which

these beliefs apply.
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3. In�ation expectations and Treasury yields
3.1 Introduction

To analyze the asset pricing implications of these �ndings, I incorporate the noisy signal

and long-run-biased in�ation beliefs documented in the previous chapter into an otherwise

standard dynamic term structure model. I show that long-run-biased in�ation beliefs can

rationalize the long-debated overreaction to news observed in long-term yields.

Numerous studies connect nominal bond pricing to in�ation shocks and the associated

risk premia. Nevertheless, the precise relationship between expected in�ation and nominal

bond yields is challenging to establish. Indeed, uncovering that link requires taking a stance

on the model that realistically describes investors' in�ation expectations. While long-term

bond yields impound long-horizon in�ation expectations, expectations data are most con-

sistently available for relatively short forecast horizons. Researchers thus commonly infer

long-horizon expectations from short-horizon surveys, positing certain relationships across

horizons, for instance, by evoking FIRE. However, with evidence on non-FIRE expectations

in macro-�nance rapidly expanding, that inference is highly sensitive to the expectational

assumptions.

To examine the asset pricing implications of the above �ndings, I consider joint modeling

of in�ation expectations and Treasury bonds. Recent research (summarized in detail below)

suggests that non-FIRE beliefs matter for the bond market. Speci�cally, Wang, 2021 and

d'Arienzo, 2020 �nd that yield forecast errors are predictable by yield forecast revisions,

which they attribute to frictions in short rate expectations or the risk premium. My analysis

points to biases in in�ation expectations as a more fundamental cause and reconciles the

yield forecast evidence with a very parsimonious expectations formation model. Extending

the FE-on-FR regression approach, I �rst argue that the overreaction of the long-term yield

forecasts to yield news, evidenced in those studies, results directly from the overreaction of

long-horizon in�ation forecasts to in�ation news. This insight aligns with the implication of

the long-run bias mechanism I propose.

I next integrate the NS+LB in in�ation expectations into an otherwise standard term-

structure model. I estimate the model using the consensus survey in�ation forecasts at
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di�erent horizons along with the nominal yield curve. My model successfully rationalizes

several bond pricing puzzles with the non-FIRE in�ation belief. The �rst one is the high

sensitivity of long-term yields to macroeconomic news, as documented in, e.g., R. S. Gürkay-

nak et al., 2005. In my model, the long-run bias causes the long-term yields to overreact to

in�ation news. Simultaneously, the model also explains the observed smoothness of survey-

implied bond risk premiums, which has been documented by Piazzesi et al., 2015, Cieslak,

2018, and Nagel and Xu, 2022a using survey forecasts of interest rates. My model-implied

subjective risk premium exhibits substantially less volatility than typical risk premium esti-

mates obtained from predictive regressions. As I do not use any interest rate survey forecasts

in my estimation, the relative smoothness of the premium emerges purely from imposing a

structure on in�ation beliefs within my model.

I also emphasize the importance of modeling non-FIRE in�ation expectations explicitly

and correctly in a term-structure model. I illustrate that the common approach of incorpo-

rating short-horizon in�ation surveys into a term-structure model but maintaining the FIRE

assumption leads to risk premiums that are even more volatile than those obtained from pre-

dictive regressions. This is because the available short-horizon forecast data mainly displays

an underreaction to in�ation news. Without explicitly modeling the di�erent sources of non-

FIRE forecast behavior across horizons, i.e., short-horizon underreaction and long-horizon

overreaction, a term-structure model would falsely infer that there is also underreaction in

long-horizon in�ation forecasts. As such, typical model estimates imply much more volatile

term premia than measures of subjective risk premia obtained from interest rate surveys. To

validate my model-implied risk premium beyond just volatility, I juxtapose di�erent mea-

sures of risk premia against an external risk premium proxy constructed by Nagel and Xu,

2022b. The term-structure model incorporating the noisy signal and long-run bias exhibits

the closest alignment with this external metric.

I use the term-structure model to understand the high realized Sharpe ratio of Treasury

bonds and the secular decline of the long-term yield since the early 1980s. Many di�erent

papers have documented and ascribed the decline to di�erent sources, e.g., lower economic

growth in Gordon, 2016, lower in�ation expectations in Cieslak and Povala, 2015, and
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monetary policy in Hillenbrand, 2021. My model provides a decomposition of the realized

bond returns and the yield decline into di�erent bond yield components. First, I �nd that

over half of the realized bond returns from 1983 to 2019 were unexpected by the investors,

which is consistent with the fact that the secular decline of long-term yield was largely

unexpected. The model also indicates that unexpected changes (lowering) in investors'

in�ation beliefs accounted for a signi�cant fraction of both the unexpected returns and

the yield decline. Importantly, the long-run bias ampli�es the decline in investors' trend

in�ation belief and, hence, the decline of the long-term yield. For instance, of the 2.59

percentage points decline of the 10-year yield due to investors' lower trend in�ation belief,

1.17 percentage points were due to the overreaction.

To analyze the relevance of my mechanism for the recent in�ation surge, I decompose

the 10-year yield for the COVID-19 period and the aftermath. The model indicates that

the recent rise in the long-term yield arises solely from the expected short-rate hike. The

risk premium remains consistent with pre-2020 levels, in line with the stable in�ation risk

premium implied by in�ation swap data. Conversely, a predictive regression or a FIRE model

assigns a substantial rise to the risk premium. This contradiction results from di�erent

views on long-horizon in�ation expectations. The long-run bias implies a more sensitive

long-horizon in�ation expectation, while a FIRE model instead predicts that long-horizon

in�ation expectations have remained low.

Absent information from in�ation forecasts, what do bond prices tell us about the way

investors form in�ation expectations? While they naturally reveal risk-neutral expectations,

I argue that bond prices alone are not informative about investors' subjective in�ation

beliefs. However, when combined with additional information, e.g., from interest rate survey

forecasts, the term structure of nominal rates can also help di�erentiate between in�ation

expectations models. Estimates from a model using bond yield data and a survey-based

risk premium proxy (but not involving in�ation surveys) again detect a long-run bias in

in�ation beliefs but �nd no evidence of over-extrapolation or diagnostic expectations, thus

corroborating my previous �ndings.

Related literature. This chapter contributes to the literature emphasizing the role of
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non-FIRE expectations in asset pricing. Numerous studies suggest that the presence of non-

FIRE expectations can change our interpretation of empirical asset pricing facts, including

De Bondt and Thaler, 1990, Greenwood and Shleifer, 2014, Cieslak, 2018, De La O and

Myers, 2021, and Nagel and Xu, 2022a. These papers focus on subjective expectations of

earnings, dividends, and short rates. In contrast, my study hones in on the distinct role of

non-FIRE in�ation expectations in bond pricing.

Furthermore, I add to the bond pricing literature, especially research linking macro

variables and bond prices and integrating survey data into bond pricing models, e.g., Ang

and Piazzesi, 2003, Kim and Wright, 2005, Hördahl et al., 2006, M. Bauer, 2014, Abrahams

et al., 2016, Crump et al., 2018, Du�ee, 2018, Ajello et al., 2020, and Crump et al., 2023.

Several of these studies include survey data in their model estimation. However, they either

explicitly or implicitly maintain the FIRE assumption. Instead, I �nd that incorporating

in�ation surveys but assuming FIRE can lead to counterfactual results. Several recent

papers, including Piazzesi et al., 2015, Cieslak, 2018, Giacoletti et al., 2018, Hanson et al.,

2020, and Nagel and Xu, 2022b, explicitly incorporate subjective expectations into bond

pricing. Building on this work, I emphasize the importance of explicitly modeling non-FIRE

in�ation expectations.

Finally, my �ndings on the overreaction in distant in�ation expectations, induced by the

long-run bias, align with the evidence on the surprising sensitivity of long-term yields to

various economic news, see, e.g., Balduzzi et al., 2001, R. S. Gürkaynak et al., 2005, Hanson

and Stein, 2015, Nakamura and Steinsson, 2018, and Brooks et al., 2018. While I consider

reduced-form in�ation news, the long-run bias can operate for all types of structural news,

e.g., demand shocks or monetary policy news, as long as they in�uence in�ation.

The chapter is structured as follows: In Section 3.2, I embed the non-FIRE expecta-

tions from the previous chapter in a dynamic yield curve model. Section 3.3 rationalizes

and connects di�erent bond pricing puzzles via non-FIRE in�ation beliefs. Section 3.4 in-

vestigates the extent to which information in Treasury yields alone can be used to identify

in�ation beliefs. Section 2.6 concludes. The Appendix contains proofs, additional results,

and robustness checks.
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3.2 Non-FIRE in�ation expectations and the Treasury bond pricing

In this section, I explore the implications of non-FIRE in�ation beliefs for the pricing of

Treasury bonds. I �rst empirically show that long-horizon in�ation overreaction can explain

the overreaction documented in survey forecasts of long-term yields. Thus, my �ndings so

far are not in�ation survey speci�c but also manifest themselves in the bond market. I then

introduce and estimate a dynamic term-structure model that embeds non-FIRE in�ation

expectations.

3.2.1 Overreaction in long-term yield survey forecasts

The literature has shown that forecasts of Treasury bond yields are non-FIRE, e.g.,

Wang, 2021, d'Arienzo, 2020, and Bordalo et al., 2020. To replicate those �ndings, I apply

the FE-on-FR regressions to Treasury yield forecasts:

y(n)
t+ h � pEt [y

(n)
t+ h] = a + by

n( pEt [y
(n)
t+ h] � pEt� 1[y(n)

t+ h]) + et+ h, (3.1)

where pEt [�] denotes the Blue Chip survey forecasts of yields with di�erent maturities n.

Panel A of Figure 3.1 plots the coe�cients by
n for maturities n from 1-year to 30-year and

h = 3quarter. The estimated coe�cient by
n is decreasing acrossn with signi�cantly positive

values for 1- and 2-year bonds but signi�cantly negative values for 10- and 30-year bonds.

Similar to the FE-on-FR in�ation regressions, since the regressor is a forecast revision, the

sign of by
n can be interpreted as re�ecting under- or overreaction. So, short-maturity yield

forecasts underreact to news and long-maturity yield forecasts overreact to news.

I now show that the overreaction in long-term yields (by
n   0) is driven by the over-

reaction in long-horizon in�ation expectations, as documented in Section 2.3. To test this

conjecture, I �rst consider a decomposition of zero-coupon nominaln-period yield. Denoting

the one period nominal short rate with i t , an n -period yield y(n)
t is given by:

y(n)
t =

1
n

n� 1¸

j= 0

i t+ j +
1
n

n� 2¸

j= 0

rx (n� j)
t+ j+ 1 (3.2)

where rx (n� j)
t+ j+ 1 = ( n � j)y(n� j)

t+ j � (n � j � 1)y(n� j� 1)
t+ j+ 1 � i t+ j is the realized one-period excess

return of a (n � j)-period bond from t + j to t + j + 1. Given that (3.2) is an accounting
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identity, it should also hold ex-ante in expectation. Taking the time-t expectation on both

sides, we have:

y(n)
t =

1
n

n� 1¸

j= 0

Ẽt [i t+ j ] +
1
n

n� 2¸

j= 0

Ẽt [rx
(n� j)
t+ j+ 1]

l jh n

Term premium

(3.3)

Note that the expectations are taken under the market participants' belief, denoted as

Ẽt [�].1 This might not coincide with the econometrician's expectation, represented asEt [�].

Suppose the Fisher equation holds, where the nominal short rate equalsi t = Ẽt [p t+ 1] + r t ,

and r t denotes the real rate.2

y(n)
t =

1
n

n¸

j= 1

Ẽt [p t+ j ]

l jh n

Expected in�ation

+
1
n

n� 1¸

j= 0

Ẽt [r t+ j ]

l jh n

Expected real rate

+
1
n

n� 2¸

j= 0

Ẽt [rx
(n� j)
t+ j+ 1]

l jh n

Term premium

(3.4)

Substitute (3.4) into the forecast revision on the right-hand-side of (3.1) and assume

pEt [�] = Ẽt [�], i.e., survey forecasts are perfect measures of the subjective expectations. The

yield forecast revision can be expressed as:

pEt [y
(n)
t+ h] � pEt� 1[y(n)

t+ h] =
1
n

n¸

j= 1

( pEt [p t+ j ] � pEt� 1[p t+ 1+ j ])

l jh n

In�ation forecast revision

+
1
n

n� 1¸

j= 0

( pEt [r t+ j ] � pEt� 1[r t+ 1+ j ])

l jh n

Real-rate forecast revision

+ tp(n)
t � tp(n)

t� 1l jh n

Term premium change

(3.5)

Equation (3.5) suggests that the long-term yield forecast overreaction should be driven

by forecast revisions of about in�ation, the real rate, or the term premium. To test the hy-

pothesis that yield overreaction is driven by the in�ation, I re-run the FE-on-FR regression,

1 I assume there is only one type of agent in the economy whose subjective expectation matters for both the
survey forecasts and the equilibrium market prices.

2 An alternative approach involves assuming monetary non-neutrality, where the nominal short-rate i t is de-
termined by the Fed. Assuming the Fed operates according to a Taylor-rule reaction function, the equation can
be represented asi t = dp p t + ĩ t , with dp being the reaction parameter and ĩt encompassing other components
deemed less signi�cant for this analysis, such as short-rate smoothing ( i t� 1) and reactions to �uctuations in
the output gap. This setup allows us to achieve a similar decomposition involving an expected in�ation term.

33



FIGURE 3.1. Yield FE-on-FR regression. The �gure plots the regression coef�cients by
n of the Treasury yield

FE-on-FR regression (3.1) for maturities of 1, 2, 5, 10, and 30 years. Yield forecasts are consensus (mean)
forecasts from the Blue Chip survey and a 3-quarter-ahead forecast is used. Regressions are estimated at the
quarterly frequency and survey forecasts from the second month of each quarter are used. The sample is set
to be the maximum common sample for all maturities considered. The resulting sample period is 1988-2019
with several quarters of missing data mainly due to the availability of the 30-year forecasts. Panel A reports
results for regression (3.1) with no control. Panel B reports results for regression (3.6) with CPI forecast revision
control and Panel C for regression (3.7), which further controls for federal funds rate change. The spikes report
the 90% con�dence interval, which is calculated with HAC robust standard error.

including the in�ation forecast revision:

y(n)
t+ h � pEt [y

(n)
t+ h] = a + by

n( pEt [y
(n)
t+ h] � pEt� 1[y(n)

t+ h]) + bCPI
n ( pEt [p t� 1Ñ t+ h] � pEt� 1[p t� 1Ñ t+ h]) + et+ h

(3.6)

Panel B of Figure 3.1 plots the coe�cients by
n in (3.6).3 When controlling for the in�ation

forecast revision, the overreaction of the 10- and 30-year yield forecast disappears.

The estimates ofby
n and bCPI

n for selected maturities, 1-, 5-, and 30-year bonds, are de-

tailed in Table 3.1. Columns (1), (4), and (7) report the baseline regressions(3.1). Column

(2), (5), and (8) show the estimates from the augmented regressions(3.6). All bCPI
n values

are signi�cantly negative, close to negative one, and with the signi�cance increasing across

maturities. This �nding is consistent with the hypothesis that the long-term yield overreac-

3 To maintain consistency with the yield forecasts, I use the in�ation forecast data from the same Blue Chip
survey, as opposed to employing the SPF survey used in previous analyses. It should be noted that utilizing
the SPF survey does not alter any of the conclusions.

34



tion is caused by overreaction of investors' longer-run beliefs to in�ation news. Additionally,

there is a noticeable increase in theR2's, further underscoring that the negative coe�cients

in regressions (3.1) indeed stem from the in�ation forecast revision.

It is worth noting that the underreaction ( by
n ¡ 0) in the 1- and 2-year yields is not

driven out by the in�ation forecast revision. This can arise from the fact that, relative to

long-term bonds, short-maturity bonds are more exposed to short-rate shocks that are not

related to in�ation, such as monetary policy shocks and real-activity factors summarized in

the omitted real-rate term in (3.5). To control for these omitted factors, I also include the

change in the federal funds rate:

y(n)
t+ h � pEt [y

(n)
t+ h] = a + by

n( pEt [y
(n)
t+ h] � pEt� 1[y(n)

t+ h]) + bCPI
n ( pEt [p t+ h] � pEt� 1[p t+ h])

+ bFFR
n (FFRt � FFRt� 1) + et+ h, (3.7)

where FFRt is the average daily e�ective federal funds rate for the second month of quarter

t to match the timing of the surveys. Panel C of Figure 3.1 plots the coe�cients by
n from

(3.7). After controlling for the change in the federal funds rate, now the underreaction of

the 1- and 2-year yields to yield forecast revisions also disappears. Thus, the results from

regressions (3.6) and (3.7) imply that non-FIRE yield forecasts are driven by fundamental

causes. Speci�cally, long-term yield overreaction is primarily explained by the long-horizon

in�ation expectations overreacting to in�ation news. 4

To corroborate the causal e�ect of in�ation expectations on long-term yield forecast

overreaction, I examine possible omitted variable bias (e.g., due to the real rate and the term

premium) and endogeneity (e.g., forecasters forming in�ation expectations based on yield

information). I �nd that none of these explanations changes my core �nding: overreaction

in long-term yield forecasts can be fully attributed to in�ation beliefs. The results are

summarized in Appendix A.8.

4 d'Arienzo, 2020 argues that long-term expectations of short rates overreact to news. I further attribute this
observation to a more fundamental object: in�ation expectations. Conversely, Wang, 2021 attributes this fact
to an overreaction in risk premium.
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Table 3.1. Yield FE-on-FR regression. This table reports the regression coef�cients of the yield FE-on-FR
regressions for selected maturities of 1, 5, and 30 years. Column (1), (4), and (7) report the results of regression
(3.1) and column (2), (5), and (8) report results of regression (3.6). Column (3), (6), (9) further add additional
controls to regression (3.6), including 3-quarter-ahead forecast revision of federal funds rates from Blue Chip
survey, annual unemployment rate change, Chicago Fed National Activity Index, and the annual change of
natural rate of unemployment. The sample period is 1988-2019 at quarterly frequency with several quarters
of missing data. HAC robust t-statistic is reported in brackets, and *, **, *** denote the estimate is signi�cantly
different from 0 at 10%, 5%, 1% signi�cance levels, respectively.

1-year yield 5-year yield 30-year yield

(1) (2) (3) (4) (5) (6) (7) (8) (9)

by
n 0.46*** 0.59*** 0.44 -0.074 0.078 -0.0097 -0.34*** -0.082 -0.23

(3.11) (3.85) (1.47) (-0.63) (0.59) (-0.06) (-3.33) (-0.60) (-1.24)

bCPI
n -1.01*** -0.85** -0.99*** -0.89** -1.05*** -0.79***

(-3.54) (-2.25) (-3.89) (-2.35) (-4.37) (-2.77)

Other controls No No Yes No No Yes No No Yes

Observations 110 110 110 110 110 110 110 110 110

R2 0.050 0.095 0.243 0.002 0.063 0.143 0.033 0.141 0.199

3.2.2 A term-structure model with non-FIRE in�ation expectations

Valchev and Gemmi, 2023 argue that survey forecasts are biased due to the strategic be-

havior of forecasters. If this is the reason for my �ndings on in�ation expectations, we should

not expect it to exhibit in the bond market. The empirical results in the previous section

con�rm that non-FIRE in�ation expectations and the bond market are closely related. To

study bond pricing implications, I embed subjective non-FIRE in�ation expectations within

an a�ne term-structure model.

I maintain the assumption that in�ation follows the trend-gap dynamics as in (2.3).

In�ation beliefs are the only source of belief distortion in the model. Speci�cally, I assume

that agents form beliefs Ẽt [p̄ t ] and Ẽt [p̃ t ] based on the noisy signal plus long-run bias

mechanism outlined in equation (2.14). Additionally, to capture the real side of the economy,

I introduce a growth factor, gt , representing the demeaned real GDP growth betweent � 1

and t. The real growth follows an AR(2) process, which can be written in companion form

as:
�

gt � ḡ
gt� 1 � ḡ

�

l jh n
gt

=
�
r g,1 r g,2

1 0

�

l jh n
� g

�
gt� 1 � ḡ
gt� 2 � ḡ

�
+

�
sgwg,t

0

�
, wg,t � i.i.d N(0, 1) (3.8)

Agents perfectly observegt and its history and form beliefs aboutgt according to its objective
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dynamics, i.e., growth beliefs are FIRE:5

Ẽt [gt+ h � ḡ] =
�
1 0

�
� h

ggt . (3.9)

The Fed exogenously sets the one-period short ratei t according to a smooth Taylor rule

with an i.i.d exogenous monetary policy shockwm,t � N (0, 1):

i t � ī = r i ( i t� 1 � ī) + ( 1 � r i )(dp p t + dg(gt � ḡ)) + smwm,t . (3.10)

To model the price of the zero-coupon Treasury bonds, I follow the term-structure literature

to assume there is an exogenous time-varying price of risk factorft , which evolves as an

AR(1) process:

ft = r f ft� 1 + s f w f ,t , w f ,t � i.i.d N(0, 1). (3.11)

The ft factor could be interpreted as investors' time-varying risk preferences. Combining

these variables, I obtain the vector of latent factorsF̃t = [ Ẽt [p̄ t ], Ẽt [p̃ t ], gt � ḡ, gt� 1 � ḡ, i t �

ī , ft ]1, and its subjective dynamics used by agents to price the bonds:

F̃t = F F̃t� 1 + Sw ! t (3.12)

where ! t = [ wp̄ ,t , wp̃ ,t , wg,t , wm,t , w f ,t ]1. Details on F and Sw are provided in Appendix

A.9. Note that these dynamics do not re�ect the actual evolution of subjective beliefs.

The actual evolution is described in the next section when I estimate the model from the

econometrician's perspective. The dynamics (3.12) rely on two implicit assumptions: agents

are unaware of their biased expectations and they do not internalize future belief updating.6

The nominal log stochastic discount factor (SDF) has the standard a�ne form:

mt+ 1 = � i t �
1
2

L 1
tL t � L 1

t ! t+ 1 (3.13)

whereL t = l 0 + L 1
rFt , l 0 = [ l p̄ ,0, l p̃ ,0, l g,0, l m,0, 0]1, L 1 is of the form such that only shocks

to in�ation dynamics wp̄ , wp̃ , and wg (as perceived by investors) have time-varying prices

of risk. The monetary policy shock is priced with only a constant price of risk, and the

shock to ft is unpriced.

5 To test this assumption, I apply the same set of analysis in Section 2.3 on real GDP growth survey forecasts.
There is no evidence suggesting non-FIRE real GDP growth forecasts.

6 Assuming learning is external and agents do not consider their future belief change is a common practice
in macroeconomic literature, e.g., Schorfheide, 2005. It helps maintain the tractability of the model.
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The equilibrium price of an n-period zero-coupon bondP(n)
t is obtained by �rst con-

jecturing P(n)
t = exp(An + B1

n F̃t ) and solving for An and Bn iteratively using P(n)
t =

Ẽt [exp(mt+ 1)P(n� 1)
t+ 1 ], where Ẽt [�] is the biased subjective expectation of the agents. The

continuously compounded yield on ann-period zero-coupon bond isy(n)
t = � 1

n An � 1
n Bn F̃t .

The solution is standard and the details are presented in Appendix A.9.

3.2.3 Estimation of the term-structure model

I estimate the model from the econometrician's perspective, i.e., acknowledging the bi-

ased beliefs of agents. The latent vector that an econometrician needs to consider is the

subjective vector F̃t and the true latent factors p̄ and p̃ . Hence, the objective transition of

the latent state Ft = [ p̄ t , p̃ t , F̃t ]1 from the econometrician's perspective can be written as:

GFt = XFt� 1 + SF! t , (3.14)

whereGand X incorporate the non-FIRE belief update (see Appendix A.9 for details). The

observations include the quarterly CPI in�ation rate and the real GDP growth rate, as well

as the one-period short rate, represented by the 3-month TBill rate, and survey forecasts

of CPI in�ation for horizons from zero to 4 quarters ahead.7 Moreover, I use zero-coupon

nominal bond yields with maturities of 3, 5, 7, and 10 years from R. S. Gürkaynak et al.,

2007. I estimate the model with maximum likelihood combined with the Kalman �lter.

The estimated parameters are tabulated in Appendix Table A.6. The highly signi�cant

estimates for the volatility of the noisy signal s# = 2.28 ¡ 0 and the long run bias a =

2.67¡ 1, support the properties of in�ation beliefs established in the earlier section. Note

that a and s# are larger in magnitude than those in Table 2.3 which rely solely on survey

in�ation forecasts. This change arises because, in the joint estimation in this section, long-

term yields provide additional information about long-horizon in�ation expectations, which

is not incorporated in the in�ation survey data. 8 This information, in addition to the term

7 I exclude very long-horizon forecasts from the benchmark estimation to avoid potential internal incon-
sistencies, as mentioned in footnote 19, and due to the restricted sample size of these forecasts. To validate
the robustness of this approach, I also run the estimation including the SPF 5-year and 10-year CPI in�ation
forecasts, accommodating missing values through Kalman �lter. This inclusion does not materially alter the
estimated parameters.

8 Another reason is that in Section 2.5, I �x the objective dynamics of in�ation, before estimating the non-FIRE
mechanism. Here, I perform the joint estimation.
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structure of survey in�ation forecasts, further helps identify the expectational bias.

The evidence from the cross-section of in�ation surveys in Section 2.5.4 suggests that

in�ation beliefs are inconsistent with over-extrapolation or diagnostic beliefs. Does informa-

tion in bond yields alter these conclusions? I further estimate two alternative term structure

models by replacing the long-run biased beliefs with either over-extrapolation or diagnostic

expectations, keeping everything else, including the estimation approach, unchanged. As in

Section 2.5.4, the estimation �nds no evidence for over-extrapolation (̂r ¡ r̃ ) or diagnostic

expectations (q ¡ 0). I also consider an encompassing model that embeds all three mecha-

nisms simultaneously. The nested-model likelihood ratio test again indicates that a simpler

model NS+LB is a preferred description of the data.

3.3 Long-run bias and bond pricing puzzles

In this section, I use the term-structure model estimated above to explore the implica-

tions of non-FIRE in�ation expectations, especially the long-run bias, for bond pricing. I

show that my model featuring the long-run bias reconciles three bond-pricing puzzles in the

literature through a non-FIRE in�ation belief explanation.

3.3.1 The sensitivity of long-term yield to in�ation news

The intuition from the Fisher equation ties nominal interest rates to in�ation expecta-

tions. The literature has shown that in�ation expectations drive a common-level component

of yields across all maturities.9 This �nding appears surprising in that the observed in�a-

tion dynamics are not su�ciently persistent to account for the �at e�ect at the very long

end of the yield curve. It suggests that investors' in�ation expectations di�er substantially

from the realized in�ation we observe in our samples. In general, the high sensitivity of

long-term interest rates to macroeconomic news has attracted signi�cant attention in the

literature. R. S. Gürkaynak et al., 2005 show that forward rates at long horizons react

signi�cantly to a variety of macroeconomic surprises, which is puzzling from the perspective

that these shocks should be mostly transitory. Nakamura and Steinsson, 2018 document

9 See, for example, Kozicki and Tinsley, 2001, Rudebusch and Wu, 2008, Bekaert et al., 2010, Cieslak and
Povala, 2015 for the US evidence and Barr and Campbell, 1997 for the UK evidence.
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FIGURE 3.2. Yields' responses to in�ation news. The �gure plots the responses of bond yields of different
maturities (1, 2, 5, 10, 20, and 30 years) to 1% subjective in�ation shock from regression (3.15). The sample
period is 1983-2019. In�ation shock is de�ned by the subjective perception of agents, i.e., pEt [p t ] � pEt� 1[p t ].
Spikes denote the 90% con�dence interval and HAC robust standard errors are used.

similar puzzling evidence for monetary policy surprises.

Following these studies, I regress yield changes on in�ation shocks for di�erent bond

maturities n:

y(n)
t � y(n)

t� 1 = const.+ bn( pEt [p t ] � pEt� 1[p t ]) + #t (3.15)

The dependent variable is the quarterly yield change and the explanatory variable is the

subjectively perceived in�ation shock from the same quarter, wherepEt [p t ] is the time t

survey nowcast of the in�ation rate and pEt� 1[p t ] is the survey 1-quarter-ahead forecast from

t � 1.10 Unless all in�ation shocks are permanent, we should expect a downward-sloped

response curve (bn) acrossn. However, the estimates plotted in Figure 3.2 display a �at

response across maturities, indicating that long-term yields are highly sensitive to in�ation

news.

I have argued that the long-run bias generates an overreaction of in�ation expectations at

long horizons. Next, I show that this channel rationalizes the sensitivity of long-term yields

10 All conclusions in this section hold for alternative measures of shocks, including realized in�ation change
(p t � p t� 1), in�ation forecast error ( p t � pEt [p t ]), or longer horizon of in�ation forecast revision ( pEt [p t+ 3] �
pEt� 1[p t+ 3]).
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to in�ation news. Panel A of Figure 3.3 plots the model counterpart of regression (3.15).

The NS+LB model successfully replicates the �at response and the magnitude is consistent

with the empirical estimates. To illustrate the separate e�ects of the noisy signal and long-

run bias, I also plot two counterfactuals: beliefs are FIRE or beliefs feature only a noisy

signal. The noisy signal reduces the yield response mainly at short maturities, while the

long-run bias increases the response in particular at long maturities. This pattern con�rms

the intuition from Figure 2.3 for how these two frictions operate on in�ation expectations.11

Moreover, since the in�ation shock I consider is a reduced-form shock, the overreaction e�ect

can work for all types of structural shocks that a�ect in�ation, e.g., monetary policy shocks.

To juxtapose these results with alternative overreaction mechanisms, I also construct

counterfactuals for over-extrapolation (OE) and diagnostic expectations (DE). Panel B of

Figure 3.3 plots the implied responses. I shut down the long-run bias channel and consider

OE and DE, one at a time. The bias parameters are selected such that they imply the

same response as the long-run bias for a 1-year yield. Similar to the evidence for in�ation

expectations, both OE and DE generate more overreaction at short maturities than long

maturities. Thus, they fail to rationalize the �at yield response to news documented in

Figure 3.2.

3.3.2 Smooth subjective risk premium

Parallel to the excess yield sensitivity to news, a related literature has documented

smooth subjective bond risk premium measured with interest rate surveys (e.g., Piazzesi

et al., 2015, Cieslak, 2018, and Nagel and Xu, 2022b). The smoothness of survey-based

bond risk premium is in contrast with a volatile and seemingly countercyclical objective risk

premium measured through statistical excess return predictive regression (e.g., Cochrane

and Piazzesi, 2005). I argue that excess news sensitivity in yields and the smoothness of

the risk premium are closely connected phenomena, tied together through in�ation beliefs

of investors.

I �rst show that the NS+LB model can explain the risk premium smoothness in survey-

11 Since the term-structure model is constructed to have orthogonal factors, all effects on yields documented
here are only through expected in�ation.
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FIGURE 3.3. Model-based yields' responses to in�ation news. The �gure plots the responses of bond yields
of different maturities to a 1% in�ation shock. The responses are the model counterparts of the regression
(3.15). The left panel plots the raw responses for four models: noisy signal only (NS), noisy signal plus long-
run bias (NS+LB), noisy signal plus diagnostic expectations (NS+DE), and noisy signal plus overextrapolation
(NS+OE). The right panel plots the overreaction part, which is de�ned as the response difference between the
three overreaction models and the NS-only model.

based measures. Figure 3.4 compares the NS+LB model-based risk premium (black line)

and the predictive regression-based measure (red dotted line) over the period 1983-2019.12

The model-based risk premium is much less volatile than the one from the predictive regres-

sion, which is consistent with the di�erence between subjective and objective risk premium

emphasized in the literature. This discrepancy arises from two sources. First, the good

performance of the bond market since 1980s was largely unexpected, a point that is further

discussed in the next subsection. These unexpected excess returns can result in unexpected

ex-post excess return predictability, which are captured by predictive regressions. Second,

the non-FIRE in�ation expectations result in predictable excess returns from the econometri-

cian's perspective due to predictable in�ation forecast errors. Thus, when an econometrician

measures risk premium with a predictive regression, the ex-post predictable forecast error

component, which is more cyclical and volatile, is erroneously classi�ed as risk premium. A

formal discussion of this predictability is in Appendix A.10.

Is the smooth model-implied risk premium a result of including survey in�ation forecasts

in the estimation or due to imposing the speci�c NS+LB model on in�ation beliefs? While

12 I consider the simplest predictive regression with only the �rst three principal components (PCs) of the
yield curve as predictors. Including additional predictors does not materially change the conclusions.
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FIGURE 3.4. Comparison of risk premium measures. The �gure plots three measures of risk premium. The
black line is the risk premium implied by the NS+LB term-structure model. The red dashed line is from
the excess-return predictive regression using the �rst three principal components of the yield curve. The
gray dotted line is from a perturbed NS+LB term-structure model, where a is set to 1, resembling an NS-
only model. All series are measured as the demeaned expected 1-year holding period excess return of a
10-year nominal zero-coupon bond. The unit is percentage points. The sample period is 1983-2019, while the
predictive regression measure has four quarters less at the end of the sample due to the predictive feature.

it has become increasingly common to include survey forecasts when estimating structural

macro-�nance models, the FIRE assumption is typically maintained.13 So, how important

is it to explicitly allow for non-FIRE in�ation beliefs? Figure 3.4 also superimposes the

implied risk premium when perturbing the long-run bias parametera. As a reduces to1

(no long-run bias), the model identi�es a much more volatile risk premium. This con�rms

the importance of correctly specifying in�ation beliefs and the role of LB in yielding smooth

risk premiums. Appendix Figure A.7 shows plots for additional values ofa. In line with

the intuition from Figure 3.3, the long-run bias enables the model to generate more volatile

long-horizon expected in�ation. Consequently, the risk premium, a residual component,

does not need to be volatile to match the long-term yield data we observe.

As a �nal step, I use the subjective risk premium measure from Nagel and Xu, 2022b

13 For example, Bansal and Shaliastovich, 2013b estimate a long-run risk model to jointly consider expectation
and risk compensation. Ang and Piazzesi, 2003, Kim and Wright, 2005, Abrahams et al., 2016, Crump et
al., 2018, Ajello et al., 2020 incorporate survey macro forecasts into their models. Duffee, 2018 uses survey
forecasts of in�ation to conduct empirical variance decompositions for long-term bonds.
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(NX) to validate the NS+LB model. Following their approach, I construct the expected

1-year excess return of a 10-year bond with the Blue Chip yield forecasts.14 This measure

is a noisy proxy of the subjective risk premium I intend to capture with the term-structure

model. To test the alignment, I regress the NX premium on di�erent risk premium estimates

I obtain from term-structure models or predictive regressions, one at a time. Figure 3.5

plots the regression coe�cients and the con�dence intervals. FIRE and predictive regression

both give a regression coe�cient of around 0, suggesting these measures are much more

volatile than the subjective premium proxy of NX. The fact that the coe�cients are not

signi�cantly di�erent from zero and the low R2s suggests that these models fail to capture

the time-variation in the subjective premium. In contrast, the projection of the NS+LB risk

premium gives a regression coe�cient close to 1 and a much higherR2.15

3.3.3 Realized excess returns and subjective expected excess returns

Over the period from 1983 to 2019, the mean realized excess return from investing in a

10-year bond is 4.76% per annum (pa) and the realized annual Sharpe ratio is as high as

0.58. However, the subjective ex-ante expected excess return, at which level investors are

willing to hold the Treasury bonds, can be di�erent from its realized counterpart.

The model-implied subjective risk premium re�ects the ex-ante expected excess return.

Using this, I calculate the model-implied average annual expected Sharpe ratio from the

investors' perspective. The subjective Sharpe ratio is only 0.15, roughly one-fourth of the

realized number. Intuitively, this di�erence implies that the high in-sample realized bond

returns have largely come as a surprise, consistent with the argument that the secular decline

of the long-term yield during this period was in large part unexpected by investors in real

time.

What are the sources of the high unexpected returns that bond investors earned since

14 Speci�cally, I interpolate the Blue Chip bond yield forecasts using the Nelson-Siegel model and then cal-
culate the expected excess return with the interpolated survey forecasts using equation (A.20). The expected

1-year excess return of a 10-year bond is computed asẼt [rx
(10)
t+ 1 ] = � 9Ẽt [y

(9)
t+ 1] + 10y(10)

t � y(1)
t , where Ẽt [y

(9)
t+ 1]

is the survey interpolated 1-year-ahead 9-year-bond yield forecast.

15 The coef�cient is marginally signi�cantly larger than 1, suggesting NS+LB implies a slightly less volatile
risk premium than NX. This discrepancy could be explained by the fact that NX is also a noisy proxy of the
actual subjective risk premium.
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FIGURE 3.5. Regressing subjective risk premium measured with interest rate surveys on different model-
based measures. The �gure plots the coef�cients as well as the 90% con�dence intervals of regressing the
yield-forecast risk premium measure on different model-based measures, one at a time. “NS+LB" is the bench-
mark model where subjective in�ation expectations are assumed to follow noisy signal plus long-run bias.
“Predictive reg." is the measure from the predictive regression using the �rst three principal components of
the yield curve. “FIRE w/o in�. survey" is a term-structure model where there are FIRE in�ation expectations
and the estimation uses the same data as the benchmark model but without survey in�ation forecasts. “FIRE
w/ in�. survey" is the same as “FIRE w/o in�. survey" but includes survey in�ation forecasts in the estima-
tion. HAC robust standard errors are used. R2 of the regressions are also described in the plot.

the early 1980s? The NS+LB model casts light on this question and, by extension, on the

sources of the secular yield decline.16 I �rst perform a decomposition of the realized excess

return. To simplify the notation, I omit the units where the bond maturities are measured

in years and the time is in quarters. Consider a 1-year holding period excess return on a

10-year bondrx (10)
t+ 4 :

rx (10)
t+ 4 = � 9y(9)

t+ 4 + 10y(10)
t � y(1)

t . (3.16)

The unexpected return is thus given by:

rx (10)
t+ 4 � Ẽt [rx

(10)
t+ 4 ] = � 9(y(9)

t+ 4 � Ẽt [y
(9)
t+ 4]) = B1

9( F̃t+ 4 � F 4F̃t ). (3.17)

The second equality represents the unexpected return implied by the term-structure model

in Section 3.2.2. Using this calculation, the model suggests that an average of 2.64% pa

16 Different papers ascribe the decline to different sources, e.g., a lack of investment opportunities in Summers,
2014, a lower economic growth in Gordon, 2016, a lower in�ation expectations in Cieslak and Povala (2015)
and M. D. Bauer and Rudebusch, 2020, and the monetary policy in Hillenbrand, 2021. My decomposition
provides general guidance regarding how much each yield component could contribute to the decline.
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return was unexpected by investors, which is over half of the average realized return over

my sample period. The representation (3.17) decomposes the sources of the unexpected

returns�attributed to factors in F̃t = [ Ẽt [p̄ t ], Ẽt [p̃ t ], gt � ḡ, gt� 1 � ḡ, i t � ī , ft ]1. Unexpected

in�ation belief shocks (Ẽt [p̄ t ] � Ẽt� 1[p̄ t� 1] and Ẽt [p̃ t ] � r̃ Ẽt� 1[p̃ t� 1]) contributed an average

of 0.83% pa, mostly earned through the change in belief about the trend in�ation (̃Et [p̄ t ] �

Ẽt� 1[p̄ t� 1]). Short-rate surprises contributed an average unexpected return of 0.51% pa. Of

note, the short-rate surprise includes the exogenous monetary policy shock as well as, due

to the Fed's reaction function, shocks to the realized in�ation and growth. Thus, part of

the short-rate induced return is also driven by in�ation shocks, which further enlarges the

contribution of unexpected in�ation change to the realized bond return. Finally, another

signi�cant part stems from an unexpected risk premium change, which adds 0.90% pa to

the unexpected return.

I then perform a similar decomposition to understand the forces underlying the decline

of the 10-year yield from 1983 to 2019. Due to the volatile nature of the initial period,

instead of comparing single points in time 1983Q1 and 2019Q4, I measure the decline as

the di�erence between the average yield over two periods, 1983�1987 and 2015�2019. The

NS+LB model suggests that of the total decline of 7.76 percentage points (pp) in the 10-year

yield (from 10.08 pp to 2.32 pp), 2.59 pp stems from investors having lower trend in�ation

belief (Ẽt [p̄ t ]).17 This number was ampli�ed by the long-run bias. Throughout this period,

investors updated their in�ation beliefs as the in�ation rate has been consistently declining.

Qualitatively, relative to a counterfactual FIRE investor, an LB investor ascribed a larger

fraction of the in�ation decline to trend in�ation, which caused a larger drop in long-term

yield. Quantitatively, the overreaction in the trend in�ation belief led to an additional 1.17

pp decline in the long-term yield. In addition, the decline of the risk premium contributes

2.72 pp to the yield decline (mostly earned in compensation for in�ation news).

17 This number re�ects purely the contribution of investors' in�ation beliefs and ignores the direct effect of
in�ation on the realized short rate due to the Fed reacting to lower in�ation, which leads to an additional 0.51
pp decline.

46



3.3.4 The recent COVID period

Since the outbreak of COVID-19 in 2020, we have witnessed large changes in both in�a-

tion and long-term Treasury yield. Two major implications of the NS+LB term-structure

model are that the long-term yield is more sensitive to in�ation news and the risk premium

is smoother. So, what does my model say about this recent period? In the model estimation,

I end the sample in 2019 to avoid any bias from the recent volatile period. However, I can

retain the estimated parameters but extend the �ltering to the end of 2022 to analyze the

period from 2020 to 2022.

The left panel of Figure 3.6 plots the cumulative change of di�erent long-term bond risk

premium measures, using the same expected 1-year excess return on a 10-year bond, since

2020. The NS+LB implies a smooth risk premium movement with a cumulative change

around 0 since 2020 (black line). In contrast, a predictive regression-based measure suggests

an increase in risk premium with a cumulative change around 5% (red dotted line). Using

the same construction as in Cieslak and P�ueger, 2023, I extract the 10-year in�ation swap

implied in�ation risk premium (blue dash-dotted line). 18 The in�ation swap implied risk

premium shares a similar smooth path with the non-FIRE model. The right panel compares

di�erent subjective beliefs of the trend p̄ . The non-FIRE model (black line) exhibits a

much larger increase in the belief ofp̄ than a FIRE model (red dotted line) would. This

is because the long-run bias mechanism heightens the sensitivity of long-horizon in�ation

expectations to in�ation shocks. Consequently, during the recent period, a non-FIRE model

would attribute most of the increase in long-term yield to the rise in in�ation expectation

rather than risk premium, as deduced from the left panel. The blue dash-dotted line in the

right panel overlays the SPF survey implied long-horizon in�ation expectation19, which is

consistent with that from the non-FIRE model.

18 In theory, the nominal bond's risk premium contains components beyond the in�ation risk premium, such
as the real risk premium or monetary policy risk premium.

19 I average the 5-year CPI forecast and the 10-year CPI forecast from the SPF. The gap component in my
estimate is short-lived. Thus, both the 5-year and 10-year forecasts should be close to the trendEt [p̄ t ]. Many
papers have criticized the precision and internal consistency of the long-horizon forecasts in the survey, e.g.,
Duffee, 2018, Stark, 2013, and Froot and Ito, 1989. Therefore, I average these two forecasts to better capture
the empirical counterpart of the Et [p̄ t ] in the model.
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FIGURE 3.6. In�ation expectations and bond risk premium during the COVID period. The �gure plots the
cumulative change of various variables from 2020Q1 to 2022Q4. The left panel plots the change of different
bond risk premium measures, which are the expected 1-year holding period excess return of a 10-year bond.
The black line is the risk premium implied by the NS+LB term-structure model. The red dashed line plots
the risk premium from a predictive regression with the �rst three principal components of the yield curve.
This measure has four quarters less of a sample due to the predictive feature. The blue dash-dotted line is
the in�ation swap data implied in�ation risk premium, which is constructed by subtracting expected in�ation
from the in�ation swap rate, see Cieslak and P�ueger, 2023. The right panel plots the changes in the trend
in�ation belief. The black line is the NS+LB term-structure model. The red dashed line is for a counterfactual
FIRE in�ation expectation term-structure model. The blue dash-dotted line is the average of 5-year and 10-
year CPI forecasts from the SPF survey.

3.4 What do Treasury yields tell us about in�ation expectations?

Section 3.2.3 shows that bond yield data, in addition to the survey in�ation forecasts,

helps identify the non-FIRE in�ation expectations. However, the joint use of in�ation sur-

veys and bond yields makes it hard to assess the incremental information about in�ation

expectations embedded in bond prices. In this section, I �rst argue that bond yields alone

are informative about in�ation expectations under the risk-neutral measure but not the

investors' subjective measure. As such, even if the belief model is fully speci�ed, a term

structure model estimated only on yields does not identify beliefs. I then show that, by

introducing additional time-series information, the Nagel and Xu, 2022b subjective risk pre-

mium measure, the model supports the NS+LB in in�ation expectations. This evidence

serves as additional validation of the expectations formation mechanism as it does not rely

on using in�ation surveys to identify in�ation beliefs.
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3.4.1 Bond yields alone are not informative

Treasury yields in an a�ne term-structure model (ATSM) are determined by the ex-

pected short rates under a risk-neutral measure. Thus, if two in�ation expectation models

di�er under the physical measure but are paired with two di�erent market prices of risk,

so that they imply identical risk-neutral expected short rates, these two in�ation expec-

tation models are not distinguishable using only yields. These two models are invariant

transformations of each other, as de�ned by Dai and Singleton, 2000.

To illustrate the lack of belief identi�cation from yields alone, I perform the following

exercise. I �rst �x the objective parameters at the econometrician's estimates, i.e.,r̃ , s̄p ,

and s̃p . I then estimate the NS+LB in�ation expectations and the bond pricing jointly

with bond yield data but no survey in�ation forecasts. Instead of estimating the a for long-

run bias, I �x it at two di�erent levels, 0.5 and 2. These two values give totally di�erent

interpretations of in�ation expectations, a = 0.5 implying short-run bias and a = 2 implying

long-run bias. However, the two models have almost identical log-likelihood and �t to the

yield curve as measured by the standard deviations of the measurement error, as reported

in Table 3.2.

For theoretical illustration, consider a simple case where the yield curve forms a 2-D

spaceF = R2, i.e., two factors span yields. An in�ation expectations model maps the

realized in�ation series (another observed series) to an expected in�ation factorF 1 = R.

Then, denoting the quotient spaceF 2 = F / F 1, we haveF 2 K F 1. Mapping this illustration

back to the ATSM in Section 3.2.2, the only restriction I impose is that the price of risk

factor ft is independent of the other factors, which is always satis�ed byF 2. Therefore,

without additional restrictions, di�erent in�ation expectations models are observationally

equivalent under this ATSM.

3.4.2 Using subjective risk premium measure to help identi�cation

One implication of the above illustration is that by introducing additional information

in the estimation to regularize F 2, we can again di�erentiate in�ation expectation models
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Table 3.2. Likelihood of yields-only term structure models with different in�ation expectations. The table
reports the log-likelihood of two NS+LB term-structure model estimates with different a's (a = 0.5 represents
a short-run bias while a = 2 corresponds to a long-run bias). Both models are estimated by also �xing the
parameters of the DGP of in�ation, i.e., r̃ , s̄p , s̃p , at the values of econometrician's estimates. The standard
deviations of the measurement error of different yields are also reported.

Std. Dev. of Measurement Error

Log-likelihood 3-year yield 5-year yield 10-year yield

a = 0.5 703.7 0.061 0.002 0.047

a = 2 703.4 0.059 0.001 0.046

using bond yield data.20 In Section 3.3.2, I use the subjective risk premium measure from

Nagel and Xu, 2022b (NX) as an ex-post validation. Here, I add it directly in the estimation

to revisit the question of how investors form expectations. Notably, I do not include any

in�ation survey forecasts.

I follow the procedure from Section 2.5.4. I �rst �x the objective parameters from the

econometrician's perspective and then estimate di�erent non-FIRE in�ation expectation

models using yield data and the NX risk premium. The non-FIRE in�ation expectations

are again estimated jointly with the bond pricing model. I estimate three models, including

NS+LB, noisy signal plus over-extrapolation (NS+OE), and noisy signal plus diagnostic

expectations (NS+DE). The earlier conclusions from Section 2.5.4, where I exploit survey

in�ation forecasts, remain valid. The estimates suggest there is long-run bias (a ¡ 1) but

no evidence of over-extrapolation (̂r ¡ r̃ ) or diagnostic expectations (q ¡ 0).

This �nding may not be surprising, given the evidence so far. Since NX risk premium

is smooth, the bond pricing model needs to deliver volatile in�ation beliefs to �t long-term

yields. As illustrated in Figure 3.3, only long-run bias is able to e�ectively raise the long-end

volatility without overshooting the volatility of short-term yields. Thus, information in yield

survey forecasts underlying the NX measure, independently of in�ation survey forecasts,

uncovers evidence of a long-run bias in in�ation beliefs driving the nominal yield curve.

3.5 Conclusions

Building on the evidence of in�ation expectations documented in Chapter 2, I study what

the non-FIRE in�ation beliefs imply for the pricing of Treasury bonds. I �rst demonstrate

20 A similar approach is used by Ajello et al., 2020, who introduce real bonds and additional in�ation time
series into the model estimation to get bond implied in�ation expectations.

50



that the overreaction observed in long-term yield forecasts found in the literature is entirely

driven by the overreaction in long-horizon in�ation forecasts. By incorporating the noisy

signal and long-run bias into a standard term structure model, I illustrate that non-FIRE

in�ation beliefs signi�cantly in�uence bond pricing. Long-term yields are sensitive to in�a-

tion shocks owing to the long-run bias, and the implied risk premium is less volatile than

that suggested by predictive regressions, a traditional statistical measure of risk premium. I

also show that including survey forecasts in the estimation of yield curve models but main-

taining FIRE leads to a counterfactual conclusion that long-term yields do not react much

to in�ation news, and the time-varying risk premium is the primary source of yield volatil-

ity at long maturities. This idea also applies to the recent post-COVID in�ation surge.

The non-FIRE yield curve model suggests the increase in long-term yields through 2022

was primarily driven by an increase in in�ation expectations, while risk premium remained

relatively stable.
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4. Common shocks in stocks and bonds
4.1 Introduction

What are the common economic shocks driving the aggregate stock market and the

Treasury yield curve? More speci�cally, how important is news about monetary policy,

news about economic fundamentals, and pure risk-premium shocks for determining the ob-

served asset price dynamics? To answer these questions, we propose a framework to identify

economic shocks from daily stock returns and Treasury yield changes. We impose intuitive

identi�cation, motivated by theory, to isolate four orthogonal shocks�growth news, mon-

etary news, and two distinct risk-premium shocks�by exploiting their di�erential impacts

on stocks and yields across maturities.

Our identi�cation strategy involves two sets of restrictions: on the e�ect that di�erent

shocks have on the yield curve across maturities and on the comovement between stocks

and yields.1 The cross-maturity restrictions serve to separate shocks driving short-rate

expectations�monetary and growth news in our setting�from shocks to the risk premium.

They derive from the fact that long-term yields are conditional expectations of average future

short-term rates plus the risk premium. To the extent that shocks to short-rate expectations

are mean-reverting (although can be persistent), they a�ect the short end of the yield curve

more strongly than the long end. The strength of relative responses of yields at di�erent

maturities can thus be exploited to isolate the risk-premium shocks.

The restrictions on the stock-yield comovement further distill shocks to short-rate ex-

pectations into monetary and growth news and risk-premium shocks into an exposure that

is common to stocks and bonds and a hedging component. Growth news re�ects shocks

to investors' cash-�ow expectations. Good growth news raises both stock prices and yields.

Monetary news, instead, captures pure discount-rate shocks via the current or expected risk-

free rate. Good monetary news (monetary easing) raises stock prices but depresses yields.

Importantly, we also uncover two risk-premium shocks�which we refer to as the common

premium and the hedging premium�that di�er in the direction of the comovement between

1 We refer to the direction of the comovement of stock returns with yield changes rather than with bond
returns. Negative comovement of stock returns with yield changes implies a positive comovement of stock
and bond returns.
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stocks and yields that they generate. Positive common premium news raises both equity

and bond risk premium, re�ecting the fact that stocks and bonds are both exposed to pure

discount-rate risk. On the contrary, positive hedging premium news raises the risk premium

on stocks but lowers it on bonds because bonds provide a hedge for cash-�ow risk in stocks.

Thus, both types of risk-premium news work to a�ect stock prices in the same way (positive

premium shocks lower stock prices), but they have the opposite e�ect on bonds (a posi-

tive common premium shock lowers bond prices and raises yields, while a positive hedging

premium shock does the opposite).

We implement the above ideas via sign restrictions drawing on a large structural vector

autoregressions (VAR) literature.2 Sign restrictions allow us to transform reduced-form in-

novations in asset prices into shocks that have a particular economic interpretation without

imposing a parametric structure of a fully-speci�ed asset pricing model. As such, our ap-

proach combines the �nance perspective following J. Y. Campbell and Ammer (1993) that

studies cash-�ow and discount-rate news as drivers of asset prices with the macro view that

focuses on structural disturbances as pioneered by Sims (1980). The VAR framework in

J. Y. Campbell and Ammer (1993) does not assume economic structure beyond a dynamic

accounting identity. While we do not require a fully speci�ed model, we impose restrictions

on the VAR that are compatible with how stocks and bonds respond to economic shocks in a

range of macro-�nance models. The �exibility of not relying on a fully speci�ed model comes

with both advantages and costs. With less structure, the approach is relatively more robust

to model misspeci�cation. It can also be implemented at high frequencies using information

in asset prices alone. At the same time, we do not pin down the exact economic mechanism

or microfoundations. For example, the risk-premium shocks that we identify can arise as a

result of time-varying risk aversion (as in the habit model) or time-varying uncertainty (as

in the long-run risk model), or both.

We apply the identi�cation to explore two sets of questions. First, focusing on some of

the most important economic events, we dissect the content of news coming out from the

2 See e.g., Faust (1998), Faust et al. (2004), Uhlig (2005), Rubio-Ramirez et al. (2010), Arias et al. (2019), Lud-
vigson et al. (2017), as well as Fry and Pagan (2011) and Kilian and Lütkepohl (2017) for reviews of this
literature.
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Fed and on days with key macroeconomic announcements. Second, we analyze more broadly

how di�erent shocks have shaped the dynamics of stocks and bonds since the early 1980s.

In our �rst application, we study the channels through which the Fed a�ects asset prices

and the economy. The identi�ed shocks map onto three main channels of policy transmis-

sion debated in the literature: the conventional monetary news channel via the risk-free

rate, the growth news channel (the so-called Fed information e�ect), and the risk-premium

channel, allowing us to quantify their relative strengths.3 We document a pronounced e�ect

of risk-premium shocks on stocks and bonds on days containing information from the Fed.

From 1994 to 2017, the average close-to-close stock market return on Federal Open Market

Committee (FOMC) announcement days is nearly 30 basis points (bps) higher relative to all

other days, but the ten-year Treasury bond return is not signi�cantly changed, consistent

with Lucca and Moench (2015) estimates for the 1994�2011 sample. We show that the seem-

ingly puzzling behavior of bonds vis-à-vis stocks is predominantly driven by risk-premium

news. Speci�cally, from the mid-1990s, reductions in both sources of risk premium (the

common and hedging premium) contribute to raising stock prices on FOMC days. Risk-

premium shocks generate nearly 70% of the average FOMC-day increase in stock returns,

while monetary easing shocks account for an additional 25%. Importantly, individual shocks

also have an economically signi�cant impact on bonds. Reductions in the common premium

increase the FOMC-day return on the ten-year Treasury by 8 bps, and monetary easing

shocks add another 3 bps. However, those gains are o�set by a decline in the value of the

hedging premium, which depresses bond prices, making the overall bond market response

economically small and statistically insigni�cant.

The �nding that the risk-premium reduction is the primary reason for high stock returns

on FOMC days is consistent with the interpretation of Cieslak et al. (2018, CMVJ). CMVJ

document that the FOMC-day returns are part of a regular pattern of high average stock

returns earned in �even weeks" in FOMC cycle time. We �nd that while even weeks are

associated with more news of policy accommodation, the impact of risk-premium shocks is

3 The information content of central bank communication is the subject of a growing literature, e.g., Romer
and Romer (2000), J. R. Campbell et al. (2012), Hanson and Stein (2015), Nakamura and Steinsson (2018), E.
Swanson (2018), Cieslak and Schrimpf (2019), Jarocinski and Karadi (2019).

54



about 3.5 times stronger than that of monetary shocks via the short rate.

The ability to identify news on any day matters for assessing the overall e�ect that

di�erent shocks have on asset prices. The case of monetary policy transmission illustrates

the importance of this point. Identi�cation of monetary shocks in the literature typically

relies on the timing of the Fed announcements and the assumption that those announcements

only reveal monetary policy news, i.e., exogenous shocks to the risk-free rate caused by the

Fed. The practical di�culties with this approach are two-fold: First, monetary news can

come out outside of the scheduled Fed events. Second, the Fed's communication can cause

investors to update beliefs about the state of the economy or uncertainty, rather than just

about the Fed's preference for the path of the short rate. Our approach circumvents issues

that emerge in identi�cation via the timing of events and, instead, extracts news from asset

prices using economically motivated restrictions that should hold on any day. We show that

monetary policy surprises obtained with event-timing restrictions (e.g., R. Gürkaynak et al.,

2005) are a combination of economically distinct shocks that we identify.

Beyond the Fed-induced news, we study the content of the non-farm payroll releases

to illustrate a similarly multidimensional nature of macroeconomic announcements. Our

results show that non-farm payroll releases induce signi�cant updates to investors' expecta-

tions about the stance of monetary policy. Speci�cally, while during contractions, investors

perceive non-farm payroll numbers as revealing information about economic growth, in ex-

pansions, they view them primarily as news about the path of the risk-free rate. This fact

accounts for the stock market frequently rising on bad employment news in good times, as

initially highlighted by Boyd et al. (2005).

Finally, we analyze the overall importance of di�erent shocks for the dynamics of stocks

and bonds. Using variance decompositions of daily yield changes and stock returns, we show

that from 1983 to 2017, about 80% of the variance of the two-year yield changes is driven

by monetary and growth news, in similar shares each. These proportions reverse for the

ten-year yield changes for which 80% of the variance is explained by premium shocks, split

into 45% and 35% contributions of the common and hedging premium, respectively. The

risk-premium news also constitutes the main portion (nearly 60%) of the variation in stock
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returns, while growth news accounts for about 25% and monetary news for less than 20% of

the stock return variance. Analyzing the sources of the time-varying comovement between

stocks and yields, we attribute the change in stock-yield correlations from negative to positive

in the late 1990s to a diminished role of the common premium and monetary shocks (both

of which drive stocks and yields in opposite directions), and increased importance of growth

and, in particular, hedging premium shocks (both of which drive stocks and yields in the

same direction).

We validate our identi�cation in several ways. We tie it to external variables that one

expects to be sensitive to economic shocks we aim to recover. We show that survey expec-

tations of macroeconomic variables at di�erent horizons display economically meaningful

responses to the identi�ed shocks. We also verify that our risk-premium shocks relate with

the expected signs to a variety of measures of bond and equity premium in the literature.

Across the di�erent measures, we consistently �nd that the equity risk premium proxies

are positively related to both the hedging and common premium, while bond risk premium

proxies are positively related to the common premium but negatively to the hedging pre-

mium. Our identi�cation does not separately identify shocks to expected in�ation. We draw

on the literature and provide empirical evidence to argue that due to the very persistent

nature of in�ation expectations, expected in�ation shocks have a minimal impact on daily

asset returns and, hence, on our identi�cation.

Related literature. We build on a large body of work that studies the comovement

between stocks and bonds. Andersen et al. (2007) and Connolly et al. (2005) document

that the comovement changes sign over time. A number of authors develop macro-�nance

models to investigate the joint pricing of stocks and bonds.4 Baele et al. (2010) show

that exposures to observable macroeconomic variables explain a relatively small fraction of

stock-bond correlations over time and suggest that risk premia drive a signi�cant part of the

comovement. J. Y. Campbell et al. (2015) emphasize the role of risk premia in providing

a quantitative explanation of the stock-bond comovement within a consumption-based New

4 See Bekaert et al. (2008), Bekaert et al. (2004), Burkhardt and Hasseltoft (2012), J. Y. Campbell et al. (2017),
J. Y. Campbell et al. (2015), David and Veronesi (2013), Koijen et al. (2017), Lettau and Wachter (2011), Song
(2017).
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Keynesian model with habit. Du�ee (2023) argues empirically that the comovement cannot

be rationalized by the time-varying covariances of shocks to expectations of growth and

in�ation. We rely on these insights to propose a set of economic shocks to investors' beliefs

about fundamentals, the path of monetary policy, and shocks to risk premium and isolate

their e�ects on stocks and yields. In contrast to much of the literature, our approach does

not rely on a speci�c parametric model. We instead impose restrictions on innovations in

asset prices that summarize a range of di�erent models to identify shocks with a particular

economic interpretation.

Our results highlight the importance of a two-factor structure in risk premia. The low

correlations between various empirical measures of the time variation in bond and equity

premia point to the challenge of explaining the risk-premium dynamics with a single state

variable. Countercyclical variation typically found in the equity risk premium is less clear

for bonds, whose expected returns tend to vary at a frequency higher than the business cycle

(e.g., Cieslak & Povala, 2015). Accordingly, successful predictors of bond returns have a low

predictive power for stock returns and vice versa (e.g., Cochrane & Piazzesi, 2005). We

�nd that accounting for two sources of risk premium shocks and allowing for a di�erential

exposure of stocks and bonds to those shocks is crucial for understanding the joint drivers

of stock and bond risk premium.

A growing literature uses the comovement of stocks and yields as an identi�cation tool to

distinguish types of news (e.g., Matheson and Stavrev (2014), Cieslak and Schrimpf (2019),

and Jarocinski and Karadi (2019)). Both Cieslak and Schrimpf (2019) and Jarocinski and

Karadi (2019) concentrate on analyzing central bank communication in narrow event win-

dows. We contribute to this literature in several ways. As the main innovation, we exploit

the cross-section of yields to isolate the risk-premium shocks in a sign-restricted VAR frame-

work. Jarocinski and Karadi (2019) and Matheson and Stavrev (2014) focus on a single yield

maturity (a three-month Fed fund futures rate and a ten-year yield, respectively) without

taking a stance on the variation in the risk premia. Cieslak and Schrimpf (2019) make a step

toward identifying risk-premium shocks, but do not distinguish between the common and

the hedging premium. Their primary analysis exploits the high-frequency realized covari-
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ance structure between stocks and yields to classify the news content of di�erent modes of

communication used by four main central banks. Our approach is broader in that it allows

us to extract economic shocks driving US stocks and bonds on any day going back to the

1980s.

The paper is structured as follows. Section 4.2 contains the conceptual framework and

discusses the identi�cation approach. Section 4.3 lays out the empirical implementation.

Section 4.4 explores the news coming out on FOMC days, over the FOMC cycle, and around

non-farm payroll announcements. Section 4.5 analyzes the contributions of di�erent shocks

to the overall variation in stocks and yields and studies the persistence of news e�ects on

asset prices. Section 4.6 validates the interpretation of the identi�ed shocks and provides

a stylized model to motivate our identi�cation. Section 4.7 concludes. Internet Appendix

contains supporting details, additional results, and robustness checks.

4.2 Conceptual framework
4.2.1 A structural VAR interpretation of asset pricing models

Asset prices (bond yields, log price-dividend ratios) are often modelled as a�ne functions

of the state variables. Let Yt be the vector of asset prices, andFt be the vector of state

variables. For simplicity, we assume thatYt contains as many elements as there are state

variables Ft , k:

Yt = a+ AFt , (4.1)

where a(k� 1) and A (k� k) are functions of parameters that characterize the dynamics of the

economy and investors' preferences. Suppose thatYt evolves according to a VAR

Yt = mY + Y (L)Yt + ut , (4.2)

where Y (L) is the polynomial in the lag operator L, Y (L) =
° p

i= 1 Y i Li , and innovations ut

have a variance-covariance matrixVar(ut ) = Wu. When matrix A is invertible, substituting

(4.1) into (4.2) implies the dynamics for the state variables,Ft ,

Ft = mF + F (L)Ft + nt , (4.3)

wheremF = A � 1(mY � ( I � Y (L)) a), with I identity matrix, F i = A � 1Y i A, and nt = A � 1ut .
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We assume that shocks to the state variables are mutually uncorrelated,nt = SFwt

where SF is a diagonal matrix and wt is unit-variance, Var(wt ) = I . Innovations to asset

prices, Yt � Et� 1(Yt ) = ut , are

ut = Ãwt , with Ã = ASF. (4.4)

Asset prices are available at high frequencies, and innovationsut are simply residuals from

the reduced-form VAR in equation(4.2). However, state variables describing investors' beliefs

and risk premia are, in general, not directly observed even at lower frequencies. Therefore,

identi�cation of the Ã matrix, and hence of shockswt , requires additional assumptions.

The state variablesFt we are interested in encapsulate investors' beliefs about the economic

fundamentals and the path of monetary policy, as well as drivers of time-variation in the

risk premia.

We refer to equation (4.3) as the �structural form" to highlight that shocks we seek to

identify are counterparts to exogenous shocks that appear in asset pricing and macro-�nance

models. In this sense, our notion of shocks borrows from the structural VAR literature. In

a recent review, Ramey (2016) de�nes structural shocks as exogenous forces in a model,

uncorrelated with other exogenous shocks, and representing unanticipated movements in

exogenous variables or news about future movements in those variables. This de�nition is

di�erent from the decomposition of asset prices into cash-�ow and discount-rate news in the

tradition of J. Y. Campbell and Ammer (1993), which does not produce orthogonal shocks

because the underlying VAR framework is unrestricted. As highlighted by J. Y. Camp-

bell and Ammer (1993), correlations introduce ambiguity in interpretation of discount-rate

and cash-�ow news. However, standard orthogonalization approaches such as the Cholesky

scheme do not apply in the context of asset prices because it is not possible to economically

justify any given VAR ordering.

We achieve orthogonality by imposing additional structure on theÃ matrix which sum-

marizes equilibrium relationships in the economy connecting asset prices and shocks. Under-

lying this approach is the idea that leading asset pricing and macro-�nance models embed

exogenous shocks to the endowment process, risk premia (due to shocks to the risk aver-

sion or uncertainty), and to the short-term interest rate. Such shocks have a structural
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interpretation in that they represent primitive sources of risk in a model and are mutually

uncorrelated. For example, shocks to risk aversion in the habit model or volatility shocks

in the long-run risk model generate part of variation in risk premia that is independent

from other fundamentals. Similarly, shocks to the Taylor rule in New-Keynesian models

(monetary shocks) drive exogenous variation in the short-term interest rate. Our goal is to

identify such shocks from asset prices by imposing a minimal structure.

Several additional points are worth highlighting. First, on any given day, innovations in

asset pricesut are a linear combination of all structural shocks inwt . This allows us to dissect

the news coming out on a daily basis, including on days with the Fed or macroeconomic

announcements, without zeroing out any of the shocks by assumption. Second,wt shocks

are only orthogonal contemporaneously (on any given day), but we do not constrain how

shocks a�ect asset prices and other state variables in future periods. That is, we do not

exclude situations whereby, say, a positive growth shock leads to a tighter policy rate in

subsequent periods or a negative growth shock raises risk premia going forward. Similarly,

on any given day, we may �nd that there is an exogenous monetary shock or a risk-aversion

shock and those shocks can a�ect other state variables going forward. Econometrically, this

is captured by the fact that the VAR feedback matrix in (4.2) and the impulse responses are

not constrained in our approach.

Third, while we do not explicitly model stochastic volatility, our empirical approach

allows us to recover shocks to time-varying second moments to the extent that such shocks

a�ect asset prices via risk premia. Therefore, we implicity assume that uncertainty is an

element of Ft , and treat SF as constant.5

4.2.2 Recovering economic shocks from Treasury yields and the stock
market

Rather than using a speci�c parametric model that ties asset prices to state variables

through a single Ã matrix, we impose sign restrictions on the responses of asset prices to

shocks that summarize predictions across di�erent models. This approach leads to a set

5 We discuss the implications of the time-varying volatility of structural shocks by allowing SF to change
over time in Appendix B.2, and argue that it does not have an effect on the historical decomposition of asset
returns into contributions of structural shocks.
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(as opposed to a point) identi�cation of Ã, but it also involves weaker assumptions about

the detailed structure of the economy, such as the form of stochastic discount factor or the

estimates of the state dynamics. Each matrixÃ from the identi�ed set can therefore be

viewed as representing equilibrium relations consistent with a particular model.6

Let wt =
�

wg
t , wm

t , wp+
t , wp�

t

� 1
denote shocks to investor growth expectations (wg

t ),

shocks to expectations of monetary policy path (wm
t ), and two pure risk-premium shocks, the

common and the hedging premium (wp�
t , wp+

t ). We impose restrictions on how those shocks

impact the aggregate stock market and the nominal Treasury yield curve. LetYt contain

three yields of di�erent maturities and the price/dividend ratio, Yt = ( y(n1)
t , y(n2)

t , y(n3)
t , pdt ),

where y(ni )
t is continuously compounded yield with anni -year maturity and pdt is the log

price-dividend ratio. Given Yt � Et� 1(Yt ) = Ãwt , we recoverwt from innovations in Yt by

identifying Ã. The identi�cation exploits two types of conditions: ( i) how a shock propagates

through the yield curve across maturities, and( ii ) the direction with which it impacts the

stock market and the yield curve.

We discuss and motivate the restrictions next, and provide their concise summary in

Appendix B.1. In Section 4.6.3, we illustrate the e�ect of w shocks within a simple a�ne

macro-�nance model of stocks and yields.

4.2.2.1 Cross-maturity restrictions

We use restrictions across maturities in the Treasury yield curve to separate shocks to

short-rate expectations from shocks to the risk premium. Speci�cally, we assume that the

impact of short-rate expectations shocks (growth and monetary news,wg and wm) across

the yield curve decays with yield maturity, while that of risk-premium shocks (hedging and

common premium news,wp+ and wp� ) increases with maturity.

The motivation for the cross-maturity restrictions comes from a large literature on a�ne

term structure models and from empirical evidence on the properties of the bond risk pre-

6 The robustness aspect of identi�cation via sign restrictions is emphasized by the work of, e.g., Dedola
and Neri (2007), Peersman and Straub (2009), and Canova and Paustian (2011). This literature uses sign
restrictions as means to acknowledge the uncertainty over precise parameter values of the underlying models
and to ensure robustness to small model perturbations.
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mium. Starting from the basic yield curve identity, the current n-period log nominal yield

y(n)
t on a Treasury bond is a sum of investors' expectations about the average future short

rate y(1)
t (the expectations hypothesis (EH) term) and about the average one-period excess

bond returns to be earned over the life of the bond (the term premium):

y(n)
t =

1
n

n� 1¸

k= 0

Et (y(1)
t+ k)

l jh n

EH term

+
1
n

n� 2¸

k= 0

Et (rxn� k
t+ k+ 1)

l jh n

term premium

. (4.5)

For illustration, we consider a stylized example of an a�ne model with two independent state

variables: a short-rate factor i t , with y(1)
t = i t , and a market price-of-risk factor xt , where

both state variables follow independent AR(1) processes with persistence parametersf i and

f x, respectively. Let us assume that only short-rate shocks toi t are priced by investors,

and the exposure to those shocks earns atime-varying risk premium driven by xt . In this

way, i t determines the EH component andxt determines the term premium component in

the yield curve. This setting is su�cient to illustrate the mechanism that arises in more

complicated and empirically successful models of the term structure.7 We discuss the main

intuition below and relegate the details to Appendix B.3.1.

Under the above assumptions, the variation in long-term yields due to short-rate ex-

pectations (EH term) is y(n),EH
t = const.+ 1

n
1� f n

i
1� f i

i t . If |f i |   1, the impact of shocks to

the short rate declines with maturity n, as 1
n

1� f n
i

1� f i
  1 declines with n. While in practice

the short-rate dynamics are more complex than the simple AR(1) example, the intuition

extends to a multivariate case (see Appendix B.3.2). Non-standard expectations formation

(e.g., expectations stickiness) can generate non-monotonic responses of yields to short-rate

shocks across maturities. Still, as long as the short rate is stationary, the e�ect of short-rate

shocks eventually dies out with maturity.

The e�ect of risk-premium shocks is negligible at the short-end of the term structure.

7 Models that introduce separate state variables driving short-rate expectations and risk premia are common
in the literature, e.g., Cochrane and Piazzesi (2008), Bansal and Shaliastovich (2013b), J. Y. Campbell et al.
(2017), J. Y. Campbell et al. (2015), Lettau and Wachter (2011), Cieslak and Povala (2015). Additionally, Cieslak
and Povala (2015) show empirically that the variation in bond risk premium is uncorrelated with the variation
in short-rate expectations.
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Intuitively, short-term bonds are not very risky as the uncertainty about the short rate�

whose shocks are the source of priced risk�in the near-term is small. However, holding

longer-term bonds exposes investors to all future short-rate shocks over the life of the bond.

As this e�ect accumulates, so does the impact of time-varying risk premiumxt on yields

across maturities. Additionally, the accumulating e�ect of risk premium shocks across ma-

turities strengthens when short-rate shocks are longer lived (higher persistencef i ). The

result does not hinge upon extremely persistent risk-premium dynamics.8

The intuition from the two-factor example is consistent with estimates in the literature

based on models that impose di�erent economic assumptions on the short-rate dynamics

and risk prices (e.g., Bansal and Shaliastovich (2013b), Greenwood and Vayanos (2010),

Hanson and Stein (2015)) as well as with reduced-form no-arbitrage models of the yield

curve (e.g., Cieslak and Povala (2015, 2016), Kim and Wright (2005)). Considering yields

with maturity up to twenty years, Cieslak and Povala (2015) document that the e�ect of

shocks to short-rate expectations declines in maturity while that of risk-premium shocks

increases in maturity. Their estimates suggest that a one-standard deviation risk-premium

shock moves the ten-year yield more than twice as strongly as it moves the two-year yield.

Du�ee (2018) reports similar cross-sectional e�ects based on several di�erent speci�cations

of a reduced-form VAR model.

4.2.2.2 Shock-speci�c restrictions

Next, we discuss the restrictions on each of the four shocks inwt =
�

wg
t , wm

t , wp+
t , wp�

t

� 1
.

Shocks to growth expectations,wg. A positive shock to growth expectations raises stock

prices and bond yields, and impacts yields at short-to-intermediate maturities more than at

long maturities.

We de�ne growth news as a shock to investors' expectations about the growth rate of fun-

damentals (cash �ows) in the economy. Such a shock can a�ect stock prices (price-dividend

or price-consumption ratios) directly through cash-�ow news channel but also indirectly

8 Appendix B.3.1 shows that the effect of risk-premium shocks on yields across maturities depends both on
the persistence of shocks that are priced (short-rate shocks) and the persistence of shocks driving the time-
variation in the risk-premium itself. The increasing impact of risk-premium shocks across maturities is gener-
ally stronger if both sources of shocks are relatively long-lived.
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through the discount-rate news channel because the risk-free short rate depends on growth

expectations. Whether positive growth news raises or lowers stock prices depends on the

relative strength of the two channels. In consumption-based asset pricing models such as

the long-run risk model, positive growth news raises stock prices when the intertemporal

substitution e�ect dominates the wealth e�ect, i.e., the EIS is greater than one (e.g., Bansal

& Yaron, 2004). In a model with a forward-looking Taylor rule, the cash-�ow e�ect domi-

nates if the Fed tightens the short rate less than one-for-one with growth expectations (see

Section 4.6.3). Those models predict that growth shocks move stocks and yields in the

same direction. In the cross-section of yields, we expect the e�ect of growth news to be

more pronounced at short-to-intermediate maturities than at long maturities, re�ecting the

fact that growth shocks a�ect short-rate expectations and are mean-reverting, albeit can be

persistent.9

To further motivate the growth news restrictions, we project monthly S&P 500 index

returns and zero-coupon yield changes over the 1983�2017 sample on contemporaneous up-

dates to real GDP growth forecast from the monthly Blue Chip Economic Indicators (BCEI)

survey. The results strongly support the growth restrictions. Appendix B.4 contains details

of these regressions.

Monetary shocks,wm. A positive monetary shock (tightening) depresses stock prices and

raises yields. The e�ect on yields declines in strength with yield maturity.

We de�ne the monetary shock as an exogenous shock to the short-term risk-free rate,

or its expected path, that is orthogonal to other state variables driving the short rate.

The literature typically interprets monetary shocks as innovations to the Taylor rule, that

is, deviations from the systematic component of the policy reaction function (see Ramey

(2016) for an overview). The identi�cation of monetary shocks in empirical applications

9 Such a maturity pattern is documented by a number of empirical studies (e.g., Balduzzi et al., 2001; Fleming
& Remolona, 2001; R. Gürkaynak et al., 2018; R. S. Gürkaynak et al., 2005). The results in Balduzzi et al. (2001)
are reported for bond returns (rather than yield changes) and need to be divided by the negative of duration
to be comparable with other studies. The effect of real-activity news on the yield curve is typically found to be
hump-shaped, declining beyond maturities of two-to-three-years. The hump shape is consistent with models
that have backward-looking components, for example, as generated by sticky expectations where agents do
not update their beliefs immediately, but do eventually. In our empirical application, we do not take a stance
on the hump shape, but we do require that growth news affects the ten-year yield less than the two- and
�ve-year yields, in line with empirical evidence.
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exploits high-frequency movements of short-term interest rates in a narrow window around

FOMC announcements. Our de�nition of monetary shocks is broader than that because

it assumes that a pure risk-free rate shock can happen on any day. This assumption is

motivated by the evidence that news from the Fed comes out on a continuous basis between

the FOMC meetings (Cieslak et al., 2018).

The monetary restriction above re�ects a discount-rate e�ect: A drop in the risk-free

component of the discount rate pushes stock and bond prices higher on impact. This as-

sumption is supported by the �ndings of Rigobon and Sack (2004) who show that a surprise

increase in short-term interest rate leads to a decline in stock prices and to an upward shift

in the yield curve that becomes smaller at longer maturities. In the cross-section of yields,

the response of the two-year yield is typically estimated to be about two-to-three times as

large as the response of the ten-year yield.10 While there is a debate as to how persistent

monetary shocks are, the fact that their e�ect subsides with maturity holds across di�erent

samples and methodologies. Indeed, in macro models, conventional monetary shocks oper-

ate by a�ecting the real rate gap, i.e., the distance of the real federal funds rate from the

equilibrium (or natural) real rate. As the gap mean-reverts, the e�ect of such shocks on

yields declines with maturity.

Finally, we also identify two pure risk-premium shocks: the common premium and the

hedging premium shocks.

Risk-premium shocks,wp� , wp+ . The risk-premium shocks a�ect the longer end of the

yield curve more strongly than the short end of the yield curve. The two shocks di�er in

the direction of the comovement between stocks and yields which they generate. Common

premium shockswp� (hedging premium shockswp+ ) induce a negative (positive) comovement

between yield changes and stock returns.

The risk-premium shocks determine the time-varying component of risk premia in stocks

and bonds that is uncorrelated with monetary and growth news. Such shocks can arise from

shifts in the risk aversion as in habit models (e.g., J. Y. Campbell et al., 2015), from shocks

10 See Poole et al. (2002), R. Gürkaynak et al. (2005), R. S. Gürkaynak et al. (2005), J. R. Campbell et al. (2012),
Hanson and Stein (2015), Nakamura and Steinsson (2018). Appendix Table B.9 reviews the results in this
literature.
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to macroeconomic uncertainty (e.g., Bansal & Shaliastovich, 2013b), or can be interpreted

more broadly as sentiment or risk-appetite shocks (e.g., Lettau & Wachter, 2007; Lettau

& Wachter, 2011). While we do not take a stance on the exact mechanism,11 we seek to

account for the fact that risk premium news is to a large extent unexplained by shocks to

expectations of fundamentals. However, because the orthogonality assumption holds only

contemporaneously, we do not preclude situations whereby, say, a negative shock to economic

growth expectations feeds into higher risk premium in subsequent periods.

The two-factor structure of risk premium is motivated by the fact that one can view the

stock market claim as a long-term bond plus cash-�ow risk. It is thus plausible that risk

premium shocks in stocks and bonds are not perfectly correlated. Speci�cally, one can think

of the two sources of the risk premium shocks as:( i) the discount-rate risk premium that

drives the common component in compensation required by stock and bond investors due

to both being exposed to pure discount-rate shocks; and( ii ) the cash-�ow risk premium

which drives stock and bond premium in opposite directions�increases premium on stocks

but lowers premium on bonds�due to bonds providing a hedgeagainst bad economic times

(as real rates generally decline in bad times). The hedging premium thus re�ects the ��ight-

to-safety" e�ect. Our model in Section 4.6.3 generates such a structure in risk premia by

assuming that investors require separate time-varying market prices of risk for exposures to

monetary shocks and growth shocks.12

4.2.2.3 The role of expected in�ation news

Since the restrictions above do not recover shocks to expected in�ation, it is natural

to ask how those shocks could a�ect our identi�cation. One perspective is that in�ation

11 We thank our referee for pointing out that to distinguish between the types of risk premium shocks (e.g.,
whether time-varying risk premia are driven by shocks to risk aversion or volatility), one could introduce
further restrictions on the convexity of the yield curve. We remain agnostic about the speci�c drivers of the
risk premium given that, as J. Y. Campbell (2018) puts it, “(...) the literature has not yet reached consensus
even on a reduced-form model with an exogenous SDF, still less a structural model that derives the SDF from
economic fundamentals" (p.295).

12 The mechanism is similar in spirit to the model of Bansal and Shaliastovich (2013b). In their setting, distinct
risk-premium shocks emanate from variation in the real and nominal uncertainty. Both uncertainties increase
the equity risk premium but impact bonds with opposite signs: nominal (real) uncertainty raises (lowers)
the Treasury premium. These effects are a result of combining recursive preference with the assumption that
in�ation expectations have real effect on growth (with higher in�ation predicting lower growth).
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is endogenous (e.g., Gallmeyer et al., 2007), in which case expected in�ation news is a

function of the structural shocks we identify. Another view is that expected in�ation news

is exogenous, in which case it can confound our identi�cation of other shocks. In particular,

given that expected in�ation news is a shock to short-rate expectations, it could be subsumed

by either monetary or growth shocks we recover.13

It is an empirical question how strong such confounding e�ects are. In practice, expected

in�ation shocks are likely to have a small e�ect on our identi�cation in the post-1983 sample.

The main reason is that in�ation expectations shocks that are priced into the nominal yield

curve are highly persistent with a very low conditional volatility, as investors update their

beliefs about trend in�ation slowly over time (e.g., Sargent, 1999).14 Thus, the contribution

of expected in�ation shocks to the high-frequency (daily in our application) variation in

yields is small (Bekaert et al., 2010; Cieslak & Povala, 2015). Using in�ation surveys, Du�ee

(2018) estimates that expected in�ation news explains between 10% and 20% ofquarterly

innovations in yields, even when including the volatile in�ation period of the 1970s and

early 1980s. Extrapolating from these results suggests that shocks to expected in�ation

should have a small impact on day-to-day variation in asset prices. To further support these

claims, we tie identi�ed w shocks to survey expectations of in�ation in Section 4.6.1 and to

the variation in the TIPS and in�ation swaps in Appendix B.5.

4.3 Empirical implementation
4.3.1 Data and sample description

Daily nominal zero-coupon yields are from R. S. Gürkaynak et al. (2007) published on

the Federal Reserve Board website. Stock market returns on the S&P 500 index are from

the WRDS.

13 Recent models connect stock-yield comovement to cyclical properties of in�ation by introducing regime
shifts in the sign of the conditional covariance between shocks to expected in�ation and expected growth (e.g.,
J. Y. Campbell et al., 2015; Song, 2017). Countercyclical in�ation news (high in�ation in bad times) generates
a negative stock-yield comovement, similar to monetary news in our setting. Procyclical in�ation news (high
in�ation in good times), instead, leads to a positive stock-yield comovement, similar to growth news. The
illustrative model in Appendix B.6 discusses the different scenarios in more detail.

14 The volatile component of in�ation expectations is driven mainly by transitory shocks to food and energy
prices. Appendix Figure B.5 Panel B shows that from the mid-1980s this component mean reverts within just
a couple of quarters. Given that the Fed focuses on longer-term trends in in�ation, such transitory shocks to
in�ation have little bearing on interest rates, as shown by J. Stock and Watson (2011) and Ajello et al. (2020).
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The focus on highly liquid assets, Treasuries and the aggregate stock market, allows us

to recover shocks at a daily frequency and over a long period.15 Our main sample spans

from 1983 to 2017. There is substantial evidence that the Federal Reserve changed its policy

conduct in the early 1980s (e.g., Clarida et al., 2000), switching to an interest rate target

(Thornton, 2005). Since we are interested in monetary shocks as one of the components,

our empirical analysis focuses on the post-1983 period.

4.3.2 Estimation approach

We obtain reduced-form innovations from a VAR(1) estimated by OLS on daily yield

changesDy(n)
t and daily log stock returns Dst , zt = ( Dy(2)

t , Dy(5)
t , Dy(10)

t , Dst ).16 For sim-

plicity, we use as many observables as there arew shocks. Since the yield curve is almost

perfectly spanned by three factors, inclusion of more yields does not provide signi�cant new

information. Elements of zt are demeaned before estimating the VAR. The lag length of one

is determined using the Bayesian information criterion (BIC). Including more lags does not

materially change the identi�ed shocks.

We follow the standard approach to shock identi�cation in sign-restricted VARs (see

Kilian and Lütkepohl (2017) for an overview). We start from the Cholesky decomposition

of the variance-covariance matrix of reduced-form shocksut , Wu = PP1, where P is a lower

triangular matrix, ut = Pw�
t , and w�

t denotes a set of uncorrelated shocks,Var(w�
t ) = I .

Shocksw�
t correspond to the recursive identi�cation. In our application, those shocks do

not have an economic interpretation as it is hard to defend any particular ordering of asset

prices in the VAR. One can obtain observationally identical set of reduced-form shocks by

15 The approach could be extended to other assets such as in�ation-indexed bonds (TIPS) or credit spreads,
but their use is constrained by the available data samples and liquidity considerations. A large literature
documents signi�cant liquidity premia in corporate bonds (e.g., Bao et al., 2011) and in TIPS (e.g., Andreasen
et al., 2021; C. E. P�ueger & Viceira, 2016).

16 The use of stock returns as opposed to changes in the log price-dividend ratio is inconsequential for
our results. Using Campbell-Shiller linearization, return innovations are Dst+ 1 � Et (Dst+ 1) � k1(pdt+ 1 �
Et (pdt+ 1)) + ( dt+ 1 � Et (dt+ 1)) . The �rst term, (pdt+ 1 � Et (pdt+ 1)) , captures shocks to the state variables we
are interested in, while (dt+ 1 � Et (dt+ 1)) captures shocks to the current realizations of log dividends. At the
daily frequency, the noise stemming from the second term can be assumed negligible given the smooth dy-
namics of aggregate dividends. A regression of daily cum-dividend returns on daily capital gains in the S&P
500 index has the slope coef�cient of 1.006, the intercept of � 1 bps, and the R2 = 0.9989. We verify that using
either cum-dividend returns or capital gains leads to essentially identical identi�ed shocks and stock return
decompositions.
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�nding an orthonormal rotation matrix Qi such that Qi Q1
i = Q1

i Qi = I ,

ut = PQ1
i Qiw

�
t , (4.6)

whereQiw�
t is another candidate set of uncorrelated shocks corresponding to matrixQi . We

generate rotation matricesQi following the approach of Rubio-Ramirez et al. (2010) based

on the QR matrix factorization. 17 Denoting by R the set of rotation matrices for which

Ã(Qi ) = PQ1
i satis�es the restrictions laid out in Section 4.2.2.2, for eachQi P R we have

ut = Ã(Qi )wt (Qi ) and wt (Qi ) = Qiw
�
t . (4.7)

We store i = t 1, . . . , 1000u valid solutions on which we base our subsequent analysis. By

construction, wt shocks for each solution are normalized to have zero mean and unit standard

deviation over the 1983�2017 sample.

4.3.3 Properties of the identi�ed set

The identi�cation approach above leads to model multiplicity, with each model corre-

sponding to di�erent wt (Qi ). Summary statistics, such as mean or median ofwt (Qi ) for

Qi P R , mix di�erent solutions and lack a structural interpretation. Therefore, we follow

the approach of Fry and Pagan (2005, 2011) of selecting the median target (MT) solution,

for which instantaneous asset price responses to structural shocks are the closest to the

median response. For eachQi P R , we denote the vector of instantaneous responses as

qi = vec( Ã(Qi )) . We then standardize each solution,qi , by subtracting the element-wise

median and dividing by the standard deviation, both measured over the set of models that

satisfy identi�cation restrictions:

qMT = min
i

�
qi � median(qi )

std(qi )

� 1�
qi � median(qi )

std(qi )

�
. (4.8)

To illustrate the dynamics of shocks over time, Figure 4.1 graphs their cumulative paths

constructed as expanding-window sums of daily shocks. We superimpose paths from the MT

solution with the median of cumulative shocks across all retained models. The two paths

17 This amounts to drawing Qi from a uniform distribution over the space of orthogonal matrices. In the
Bayesian context, Baumeister and Hamilton (2015) show that an uninformative prior over Q can be informa-
tive for the posterior over the structural impact matrix and impulse responses in sign-restricted structural
VARs. Here, we follow a frequentist approach similar to Ludvigson et al. (2017, 2021).
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are closely overlapping and display intuitive business cycle properties. Economic downturns

are generally associated with negative growth news, monetary easing news, and positive

risk-premium news.

There are two sources of uncertainty in our estimates: model uncertainty associated

with the set identi�cation and estimation uncertainty stemming from the estimates of the

reduced-form VAR parameters. As typical in set identi�ed models, also in our setting the

estimation uncertainty is negligible compared to the model uncertainty. We thus relegate

the discussion of estimation uncertainty to Appendix B.7 (see in particular Appendix Figure

B.4). As a basic check of how identi�ed shocks di�er across solutions, we analyze the

correlations between MT shocks and shocks from all other retained models. For each of the

four shocks, the median correlation of the MT with other solutions exceeds 0.91, suggesting

that di�erent solutions produce highly correlated shocks over time (see Appendix Figure

B.6). In subsequent empirical analysis, we rely on the MT solution as our main estimates

and characterize the model uncertainty by reporting the distribution of estimates across all

retained models as robustness.

One concern about our speci�cation pertains to the constant conditional volatility in the

VAR. With Gaussian shocks, we do not explicitly model the time-varying second moments

in asset prices, and identify shocks to volatility only to the extent that they a�ect asset

prices through risk premia. Intuitively, when the true model has time-varying volatility,

the shocks we recover under the constant volatility assumption will not be iid, but will

feature volatility clustering. To examine the stability of the identi�ed shocks, we reestimate

the model on subsamples, 1983�1997, 1998�2007, and 2008�2017. The �rst breakpoint in

the late 1990s is when the stock-yield correlation changed sign from negative to positive;

the second breakpoint at the end of 2007 accounts for the zero-lower-bound period.18 We

�nd that shocks identi�ed over those subsamples are highly correlated with the full-sample

counterparts, and are situated closely on a 45-degree line against each other (Appendix

Figure B.7). In the following sections, we provide robustness analysis of our results to

18 While the zero-lower bound constrained the volatility at the very short-end of the yield curve, the two-year
yield (the shortest maturity we use) remained sensitive to news in that period (E. T. Swanson & Williams,
2014).
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FIGURE 4.1. Paths of cumulative shocks. The �gure presents paths of cumulative shocks for the MT solution
and the median of cumulative shocks across all retained solutions. Cumulative paths are expanding-window
sums of daily shocks. Daily shocks are normalized to have zero mean and unit standard deviation over the
1983–2017 sample. Hence, they-axis in the graph is expressed in standard deviation units. Paths of shocks
start and end at zero by construction. Shaded areas indicate NBER-dated recessions.

subsample estimates. Appendix B.2 contains further discussion of the stability of our results

in the presence of time-varying volatility, and argues that time-varying volatility does not

a�ect historical decompositions of asset returns into contributions of structural shocks, which

we discuss next.

4.3.4 Historical decompositions of daily stock returns and yield changes

Historical decompositions describe the contribution of a shock to stock returns and yield

changes realized on any given day. We rely on historical decompositions to analyze the

sources of asset price movement induced by key economic events.

One can represent each element ofzt = ( Dy(2)
t , Dy(5)

t , Dy(10)
t , Dst ) as a sum of initial

condition z1 and subsequent shocks:

zt = F t� 1
z z1 +

t� 2¸

k= 0

F k
zÃwt� k for t ¡ 1. (4.9)
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We denote the contribution of i-th shock to j-th element of zt as zj
t (w i ):

zt (w i ) =
t� 2¸

k= 0

F k
zÃJii wt� k, (4.10)

where Jii is a square matrix with ( i , i)-th element equal to one and zeros elsewhere. Summing

across shocks,
°

i zj
t (w i ), we recover the overall stock return or yield change on dayt (up to

the initial condition). 19

4.4 Dissecting asset price responses to Fed-induced and macro
news

We now turn to the main empirical application of our approach. Given that the identi�ed

shocks are innovations relative to the information set of investors, we can analyze the news

content of major economic events as it is perceived by investors in real time. We explore

how investors update beliefs around two closely watched economic events: news coming out

from the Fed and the non-farm payroll announcements.

4.4.1 Channels of the Fed's policy transmission

There is growing evidence that the Fed impacts asset prices in a signi�cant way. However,

the channels through which this happens are less well understood. The conventional view

is that news telegraphed by the Fed reveals either the current stance or the future path

of monetary policy via exogenous shocks to short-term interest rates�what we refer to as

the (conventional) monetary news channel. However, there is increasing evidence that the

transmission also works through two other channels: the information channel, whereby the

Fed reveals news about the state of the economy, and the risk-premium channel, whereby it

in�uences the amount or the price of risk perceived by investors. The relative importance of

the di�erent channels is still debated (e.g., M. D. Bauer & Swanson, 2023; Hanson & Stein,

2015; Nakamura & Steinsson, 2018).

Those transmission channels map onto monetary (wm), growth ( wg), and risk-premium

news (wp+ , wp� ), and thus we can assess their relative importance within a uni�ed frame-

19 The initial condition z1 has a negligible effect that dies out very rapidly because daily stock returns and yield
changes are not highly autocorrelated. Since vector zt is demeaned, the historical decompositions describe
how much each shock pusheszt away from the unconditional mean of zero.
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work. We �rst study which shocks drive average asset returns on FOMC announcement

days and over the full FOMC cycle. We then analyze the type of news that is captured by

the standard measures of monetary policy surprises in the literature.

4.4.2 News on FOMC days

Lucca and Moench (2015) document that stocks earn high average excess returns over

T-bills in the 24 hours before the scheduled FOMC announcements, but Treasury yields

barely change on average over the same window. Both the strong response of stocks on

FOMC days and the lack thereof in bonds have been considered a puzzle. Our framework

allows us to understand not only the type of news that comes out on FOMC days but also

why the results for stocks and bonds are so di�erent.20

We regress log stock returns and yield changes as well as their historical decompositions

(4.10) on the FOMC day dummy that equals one on scheduled FOMC announcement days

and zero otherwise:

zj
t or zj

t (w i ) = g0 + g11t,FOMC + #t . (4.11)

We work with daily close-to-close returns rather than pre-FOMC returns: daily returns

capture most of the e�ect documented by Lucca and Moench (2015). For consistency with

much of the recent literature, we �rst focus on the post-1994 sample, when the Fed started

making public announcements of its decisions. Before 1994, there remains uncertainty about

the timing of when the Fed decision reached �nancial markets (Thornton, 2005). Figure 4.2

reports the estimatedg1 coe�cients along with robust 95% con�dence intervals. Multiplying

the coe�cients for yield changes by the negative of duration (two and ten years, respectively),

one obtains the coe�cients for bond returns (as rb,(n)
t = � nDy(n)

t ), whose magnitude can

be compared with that for stock returns. We focus on the estimates for the two- and ten-

year yields to highlight the di�erences between short and long maturities. Results for the

20 As a plausibility check for our identi�cation results, in Appendix Table B.10 we show that monetary shocks
are signi�cantly more volatile on scheduled FOMC announcement days compared to other days, consistent
with there being more monetary news on those days on average. Thus, although we do not exploit information
about the timing of the FOMC announcements, our identi�cation correctly detects an increase in the amount
of monetary news on days when such news is likely to be prevalent. The discussion in the current section
instead focuses on the average effect of news (i.e., their direction) on asset prices rather than the volatility of
news.
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�ve-year yield are consistent with those maturities, and omitted for brevity.

Results. The �rst estimate in each panel of Figure 4.2 replicates the basic empirical fact.

Stock returns are signi�cantly higher on FOMC days, on average by 27.5 bps (t = 3.32),

than on other days. By contrast, yields are not materially changed: Two- and ten-year

yields on average decline by about a half basis point (statistically insigni�cant).

Subsequent estimates in each panel decompose the overall e�ect into contributions of

individual shocks. The e�ect of growth news for both stock returns and yield changes is

close to zero; thus, on average, FOMC days are not accompanied by systematically positive

or negative news about the economy. Three shocks contribute positively to stock returns,

accumulating into a large overall e�ect. Monetary shockswm and both risk-premium shocks,

wp+ and wp� , signi�cantly raise stock returns (all signi�cant at the 10% level or better). In

contrast to stocks, the contributions of shocks to yields are mixed. Monetary newswm and

the common premium shockswp� reduce the ten-year yield, while the hedging premium

shocks wp+ increase it. The �nal estimate in each panel of Figure 4.2 reports the joint

contribution of the two risk-premium shocks. For yields, their combined impact is not

statistically di�erent from zero. For stocks, however, the risk-premium shocks account for

more than two-thirds (68% (= 18.7bps/27.5bps)) of the overall average increase in returns.

Interpretation. These results suggest that stock price movements on FOMC days since

the mid-1990s primarily re�ect downward shifts in the risk premium. The reduction in the

hedging premium implies that the insurance provided by bonds becomes less valuable for

investors. A combination of opposing e�ects of shocks on yields clari�es why previous studies

have failed to �nd signi�cant returns in bonds on FOMC days. There is an additional e�ect

of more monetary easing news coming out on those days, as supported by the evidence that

in the last couple of decades the Fed has eased more aggressively than the public expected

(M. D. Bauer & Swanson, 2023; Cieslak, 2018). However, the overall economic magnitude

of the risk premium channel is signi�cantly larger than that of monetary easing shocks via

the short rate.

To the extent that common premium shocks are associated with risk compensation for

monetary news, capturing investors' uncertainty about the discount rates in the economy,
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it is plausible that the Fed can a�ect this source of risk premium. The hedging premium

decline on FOMC days suggests that, with stable in�ation expectations from mid-1990s, the

Fed has also managed to reduce the uncertainty about the real side of the economy more

e�ectively. If so, we should observe that the hedging premium e�ect is weaker in the pre-

1994 sample, during which the growth-in�ation tradeo� was more pronounced. Evidence for

the pre-1994 period is consistent with this intuition.

Pre-/post-1994 comparison. The high average FOMC-day stock returns emerge partic-

ularly strongly from the mid-1990s. In the 1983�1993 period, stock returns are 19 bps (t =

1.82) higher on FOMC days relative to other days, or about 9 bps lower than in the post-

1994 sample. An important question is thus what has changed around the mid-1990s. Our

decomposition attributes e�ectively the entire pre-1994 average stock return to the common

premium shocks; the e�ect of monetary news on stocks is roughly zero. Importantly, the

impact of the hedging premium shocks also vanishes, indicating that the Fed's e�cacy in

reducing uncertainty about the real side of the economy was more limited in the earlier

sample. This would be the case if the Fed's actions to prop up investors' con�dence about

the real economy simultaneously induced fears of recurrent persistent in�ation, with its neg-

ative consequences for growth. Details of the pre-/post-1994 comparison are provided in

Appendix Figure B.8.

Robustness.We replicate the analysis in Figure 4.2 using spliced-sample estimates, com-

bining shocks and historical decompositions estimated over pre- and post-1997 samples to

account for the changing comovement between stocks and bonds. The split-sample estimates

do not materially alter our conclusions about the dominant role of risk-premium shocks on

FOMC days (Appendix Figure B.9). Likewise, we obtain very similar results if we reesti-

mate the model on the post-1994 sample. We also consider the role of model uncertainty and

study the distribution of the g1 coe�cients in regression (4.11)using all retained solutions.

The signi�cant impact of risk premium shocks (especially the common premiumwp� ) and

monetary easing shocks is a robust �nding across solutions (Appendix Figure B.10).
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FIGURE 4.2. Stock returns and yield changes on scheduled FOMC announcement days. The �gure reports
the slope coef�cients g1 from regression (4.11). All coef�cients are in basis points. The �rst estimate in each
panel represents the overall effect, i.e., the average change in stock returns (or yields) on FOMC days compared
to all other days. For the next four estimates, the dependent variable is the historical decomposition (4.10)
representing the part of the stock return (yield change) due to a particular shock w i , i = t g, m, p+ , p�u . Coef-
�cients across w's sum up to the overall effect. The last estimate labelled “rp" separately reports the coef�cient
for the the overall risk-premium component (e.g., for stocks the dependent variable is Ds(wp+ ) + Ds(wp� ),
and analogously for yields). Regressions are estimated over the 1994–2017 sample (6053 days), covering 192
scheduled FOMC meetings. The spikes indicate 95% con�dence intervals based on standard errors robust to
heteroscedasticity.

4.4.3 News over the FOMC cycle

The FOMC day returns are part of a broader pattern in average stock returns between

scheduled FOMC meetings. Analyzing the timing of various Fed events, Cieslak et al. (2018,

CMVJ) argue based on a series of facts that information from the Fed disproportionately

arrives in �even weeks" in FOMC cycle time, i.e., weeks 0, 2, 4, and 6 measured starting

from the last scheduled FOMC meeting, where week 0 contains the FOMC announcement

day. Our identi�cation helps verify this interpretation without relying on assumptions about

the timing of the Fed's actions or communication. If even weeks are indeed associated with

information from the Fed, the impact of speci�c shocks in those weeks should be qualitatively

similar to that on FOMC announcement days, documented in the preceding section. Week

0 already contains the FOMC day; therefore, we are particularly interested in what happens

in the other even weeks.

Results. We revisit and extend CMVJ's evidence by analyzing the shock-speci�c drivers

of the average even-week returns. Table 4.1 estimates the baseline CMVJ regressions of

stock returns and yield changes on even-week dummy variables (separately for days falling

in week 0 and days falling in any of the weeks 2, 4, and 6). Column (1) con�rms the main
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result in CMVJ. Columns (2)�(6) decompose this result into speci�c shocks.

Several facts point to even weeks indeed being similar in terms of news content to the

FOMC days. The direction with which a given shock a�ects stocks and yield in even weeks

is consistent with its sign on the FOMC day in Figure 4.2. The high even-week returns on

stocks arise primarily due to risk premium news. Finally, there is also evidence of more

monetary easing news coming out in weeks 2, 4, and 6 on average.

The bulk of the high even weeks returns in stocks is due to the common premium shocks

wp� that induce a reduction in the equity risk premium (Table 4.1 Panel A). Investigating

individual day returns more closely, we �nd that common premium news is also signi�cant

on the day before the FOMC announcement, which drives large part of the pre-FOMC return

in week 0 (not reported in any table). Similarly, more than 40% of the average daily returns

in weeks 2, 4, and 6 stems from the common premium. Although hedging premium news

wp+ generates large positive return on FOMC days, its average daily contribution to even

week returns is smaller than that of common premium, which indicates that the hedging

premium e�ect at least partially dissipates over the FOMC cycle.21

Similar to FOMC days, the average responses of yields are much weaker and marginally

signi�cant only in week 0 for the ten-year maturity (column (1), Panels B and C of Table

4.1). However, shock-speci�c regressions reveal a negative and signi�cant impact of the

common premium shockswp� across all even weeks, which implies a decrease in the Treasury

premium. Monetary shocks in weeks 2, 4 and 6 further reinforce this e�ect by pushing yields

down (with a marginal signi�cance). This fact points to more news about monetary easing

coming out in even weeks in FOMC cycle time, and parallels the �nding of more monetary

easing news also occurring on FOMC days.

Interpretation. CMVJ interpret the high even-week stock returns primarily as a conse-

quence of the Fed's ability to reduce the risk premium by �a promise to act as needed." To

argue that equity premium indeed declines in even weeks, they rely on premium estimates

21 Growth news contributes 4.2 bps to stock returns in week 0. When we investigate the speci�c days, we �nd
that the positive return due to growth news accrues after the announcement day (week 0 spans from the day
before to three days after the announcement). This is consistent with the �ndings in Figure 4.2 that FOMC
days themselves do not feature systematically positive or negative growth news.
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from Martin (2017) based on equity options. The results above support this interpretation,

in addition allowing us to quantify the role of the pure risk premium channel vis-à-vis the

conventional monetary news channel. We �nd that the economic magnitude of the risk pre-

mium channel is signi�cantly larger than the e�ect of monetary news via the risk-free rate,

with risk-premium shocks driving about 65% of the average even-week stock returns. The

fact that common premium shocks have a relatively larger impact on asset prices in even

weeks compared to the hedging premium news suggests that the Fed can a�ect risk premium

associated with discount-rate shocks more e�ectively than other sources of risk premium, in

particular those arising from to uncertainty about growth.

4.4.4 A structural interpretation of monetary policy surprises

The results so far demonstrate theaveragee�ect of di�erent types of news on stocks

and yields on days that contain signi�cant information coming out from the Fed. A related

approach is to study the responses of asset prices to monetary policy surprises. Surprises

are usually measured as high-frequency changes in interest rates within a narrow window

of the Fed announcement. The narrow event window identi�cation allows one to focus on

the news from the Fed, but in itself it also does not discern the particular type of news that

the Fed conveys. Therefore, we use the term �monetary policy surprises" identi�ed in the

literature as distinct from monetary shockswm in our identi�cation.

The interpretation of monetary policy surprises is central to the current debate about

policy transmission. J. R. Campbell et al. (2012) and Nakamura and Steinsson (2018) argue

that an important part of the surprises stems from the Fed telegraphing information about

economic growth, i.e., the information e�ect. Hanson and Stein (2015), instead, provide

evidence consistent with changes in the risk premium induced by the Fed. These interpre-

tations are non-exclusive. Thus, in order to assess the role of the information versus the

risk-premium channels, over and above the conventional monetary news channel, we connect

monetary policy surprises studied in the literature to our structural shock decomposition.

Measures of monetary policy surprises. We obtain monetary policy surprises follow-

ing the approach of R. Gürkaynak et al. (2005, GSS), updated by E. Swanson (2018).
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Table 4.1. FOMC cycle regressions. The table reports regressions of daily log stock returns and daily yield
changes on the even-week dummies de�ned as in CMVJ (2019). Starting with day 0 being the FOMC an-
nouncement day, the weeks in FOMC cycle time are: week � 1 = days � 6 to � 2; week 0 = days � 1 to 3; week
1 = days 4 to 8; week 2 = days 9 to 13; week 3 = days 14 to 18; week 4 = days 19 to 23; week 5 = days 24 to 28;
week 6 = days 29 to 33. All coef�cients are in basis points. Regressions are estimated with a constant, which
is suppressed in the output for brevity. In column (1), the dependent variable is the overall stock return or
yield change. In columns (2)–(5), the dependent variables are the historical decompositions (4.10) of stock re-
turns and yields changes into contributions of structural shocks. Column (6) separately reports the coef�cients
for the total risk-premium component (e.g., for stock returns the dependent variable is Ds(wp+ ) + Ds(wp� )).
Regressions are estimated over the 1994–2017 sample, covering 192 scheduled FOMC meetings.t-statistics
robust to heteroscedasticity are reported in parentheses.

(1) (2) (3) (4) (5) (6)

Overall Of which due to shock:
Ds or Dy(n) wg wm wp+ wp� wp+ , wp�

A. Log stock returns Ds (bps), N = 6050

Week 0 dummy 13.4*** 4.21** 0.87 0.62 7.69*** 8.31***
(3.08) (1.99) (0.52) (0.25) (3.77) (2.58)

Week 2, 4, 6 dummy 10.2*** 1.27 2.03 2.65 4.27*** 6.92***
(3.02) (0.80) (1.64) (1.45) (3.03) (2.97)

B. Two-year yield changes Dy(2) (bps), N = 6050

Week 0 dummy -0.031 0.26** -0.075 0.020 -0.24*** -0.22**
(-0.15) (2.07) (-0.56) (0.27) (-4.01) (-2.25)

Week 2, 4, 6 dummy -0.13 0.082 -0.16* 0.082 -0.13*** -0.049
(-0.85) (0.87) (-1.66) (1.50) (-3.22) (-0.72)

C. Ten-year yield changesDy(10) (bps), N = 6050

Week 0 dummy -0.46** 0.15** -0.039 0.040 -0.62*** -0.58***
(-2.01) (2.06) (-0.57) (0.27) (-3.91) (-2.67)

Week 2, 4, 6 dummy -0.22 0.048 -0.084* 0.16 -0.34*** -0.18
(-1.28) (0.86) (-1.67) (1.50) (-3.14) (-1.21)

GSS/Swanson decompose changes in interest rates within a 30-minute window around the

Fed announcements into an action and a communication surprise, which they refer to as the

target and the path factor, respectively.22 The target factor measures a surprise change in

the current policy target rate. The path factor is de�ned as a surprise change in forward

guidance�news about the future short rate that is orthogonal to the target shock�and is

identi�ed from movements in longer-term interest rates. As such, the path factor is not a

22 We thank Eric Swanson who has graciously shared the data with us. E. Swanson (2018) updates the original
GSS series through October 2015 and extends the GSS methodology to include large scale asset purchases
(LSAP) surprises. The identi�cation exploits changes in the short-term rates from the Fed fund and Eurodollar
futures as well as some longer-term interest rates.
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shock in a structural sense because longer-term rates re�ect macroeconomic expectations

and risk premia, and not just expectations of pure policy rate. Understanding what drives

the path factor is thus at the heart of the current debate about the policy transmission.

Results. To link monetary policy surprises to di�erent types of news, in Table 4.2,

columns (1)�(4), we project the target and path surprises on the fourw shocks. We report

results for the scheduled FOMC announcements post-1994 as well as all FOMC announce-

ments (including unscheduled) over the 1991:7�2015:10 period considered by E. Swanson

(2018). Regression coe�cients are expressed in standard deviation units.

The monetary shockwm in our decomposition is the only variable that has explanatory

power for the target factor. This result is intuitive as the target factor by construction

should capture pure discount-rate news (shocks to the shortest maturity risk-free rate), as

opposed to shocks to investors' expectations about the economy or to risk premia embedded

in longer maturity yields. In contrast, the path factor is signi�cantly related to all w shocks

except for the hedging premium, implying that path surprises aggregate di�erent channels

through which the Fed a�ects investors beliefs and asset prices. All signi�cant loadings are

positive. Thus, a negative path surprise can occur because of negative information about

the economy revealed by the Fed (wg), news about expected monetary easing (wm), or news

that reduces the common risk premium (wp� ). In terms of magnitudes, the conventional

monetary news is the largest component, followed by the common premium, and then by

the growth news.23 The signi�cance of the monetary and common premium components

indicates that the Fed announcement materially a�ects not only investors' beliefs about the

path of monetary policy but also, via the risk premium channel, the uncertainty associated

with that path. We also �nd evidence that the growth news e�ect strengthens in the period

from 1994 up to the �nancial crisis (not reported separately in the table), consistent with

the presence of an economically meaningful information e�ect in that sample.

23 These results help understand the �nding of R. Gürkaynak et al. (2005) that path surprises have a weak
effect on stocks but a large effect on Treasury yields. We con�rm this �nding using scheduled meetings over
the 1991–2007 sample, excluding the zero-lower bound period. Suppose we observe a negative path surprise.
All structural shocks that the path factor embeds (growth, monetary, and common premium shocks) move
yields in the same direction (downward), leading to an unambiguous impact of path surprises on yields. For
stocks, however, the positive effect of monetary and premium news is partially offset by the negative effect of
growth news, thus dampening the overall stock market response to path surprises.
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Finally, given that post-2008 many Fed announcements involve unconventional policies,

in column (5), we separately report results for the LSAP surprises constructed by E. Swanson

(2018). Swanson identi�es LSAP surprises by assuming that the LSAP factor is orthogonal

to the target and path factors and as close to zero as possible during the pre-zero-lower-

bound period. The sample starts in 2009 when the Fed �rst launched quantitative easing.

Following E. Swanson (2018), we normalize the LSAP shock so that its positive value implies

an increase in interest rates. The estimates indicate a sizeable risk-premium e�ect, with

the common premium wp� having a large and positive coe�cient, which implies a decline

in the risk premium on both stocks and bonds associated with a negative LSAP shock.

The signi�cance of wp� shock is robust to omitting the most powerful announcement on

March 18, 2009 (although the coe�cient drops by a third). The signi�cance of the hedging

premium wp+ is instead entirely driven by this single event. These results support the view

that LSAP programs have worked primarily through reducing the premium on stocks and

long-term bonds via the discount-rate risk channel rather than by signalling the future policy

stance through the level of the short rate.

Overall, the analysis of monetary policy surprises complements the evidence in the pre-

ceding sections based on the average asset pricing e�ects on days with information from

the Fed. The results highlight the multifaceted nature of information embedded in the Fed

announcements, and in particular, their signi�cant direct impact on beliefs about the policy

path and the associated risk premium. The content of the announcements is also consistent

with an information e�ect, although on average the Fed does not seem to reveal to the public

systematically good or bad news about the economy.

4.4.5 Interpreting the market reaction to non-farm payroll news: The
monetary news channel

Beyond news coming directly from the Fed, investors can also update their beliefs about

the path of monetary policy and/or perceptions of risk in response to macroeconomic an-

nouncements. The interpretation of asset price responses to macroeconomic announcements

has thus been challenging. Boyd et al. (2005) show that while announcements of rising un-

employment are bad news for stocks in contractions, they are actually good news for stocks
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Table 4.2. Monetary policy surprises. The table reports regressions of GSS/Swanson surprises on shocks
obtained using our identi�cation. GSS/Swanson surprises are from E. Swanson (2018) and are measured
in 30-minutes' window around FOMC announcements. Columns (1) and (2) use all meetings (scheduled
and unscheduled) over the 1991:7–2015:10 period, columns (3) and (4) use only scheduled meetings over the
1994–2015:10 period. Column (5) focuses on LSAP shocks, all of which fall on scheduled meetings in the post-
2008 period. Regression coef�cients are standardized. t-statistics robust to heteroscedasticity are reported in
parentheses.

(1) (2) (3) (4) (5)

all meetings scheduled meetings
1991:7-2015:10 1994–2015:10 2009–2015:10

Target Path Target Path LSAP

wg 0.052 0.170* 0.100 0.256*** 0.108
(0.50) (1.86) (1.01) (2.84) (0.88)

wm 0.563*** 0.375*** 0.396*** 0.517*** 0.027
(4.67) (3.83) (3.83) (6.53) (0.17)

wp+ 0.011 0.010 0.008 -0.064 -0.338**
(0.16) (0.16) (0.11) (-0.97) (-2.22)

wp� -0.044 0.361*** -0.011 0.352*** 0.715***
(-0.63) (5.32) (-0.12) (4.53) (3.13)

R2 0.34 0.30 0.18 0.46 0.68
N 213 213 175 175 55

in economic expansions. Elenev et al. (2024) document that sensitivity of stocks to macroe-

conomic announcements varies systematically over the business cycle, and is particularly

high when the economy is below potential. To disentangle the drivers of these results, we

study how investors update beliefs over the business cycle in reaction to incoming non-farm

payroll (NFP) data. We focus on the NFP announcements, as it is the most closely watched

piece of macroeconomic news in the US (Andersen et al., 2007).

Empirical speci�cation. We construct NFP surprises (actual minus expected) over the

1985:2�2017 period, using market participants' expectations of NFP before the announce-

ment, with a positive surprise meaning good news.24 Following Elenev et al. (2024), we

describe the state of the economy by the size of the unemployment rate gap, Gap =

� (Current unemployment rate � Natural rate of unemployment).25 High values of the

Gap variable imply that the economy is above potential (e.g., Gali et al., 2011). We dis-

24 The start of the sample is dictated by the availability of NFP forecasts. Before 1997, we use forecasts from
Money Market Services and from 1997 onward from Bloomberg.

25 Current unemployment is the real-time civilian unemployment rate obtained from the Federal Reserve
Bank of Philadelphia. The natural rate of unemployment (NROU) is from Federal Reserve Bank of St. Louis
FRED database.
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tinguish three states of the economy (bad/neutral/good times) by splitting the values of

the Gap into terciles of sample realizations. We then regress the announcement-day asset

price changes onto six dummy variables re�ecting the full set of interactions between NFP

announcement dummies (B=bad/G=good NFP news) and unemployment gap dummies

(B=bad/N=neutral/G=good times):

zj
t or zj

t (w i
t ) =

¸

k

bk1t,k + #t , k = t BG, BN, BB, GG, GN, GB u. (4.12)

The �rst letter in subscript k indicates the type of NFP news; the second letter describes

the overall state of the economy, e.g.,1BG is a dummy variable for days with bad NFP

news coming out in good times. The slope coe�cientsbk in (4.12) measure the average

stock return (yield change) conditional on bin k. Figure 4.3 presentsbk estimates for stock

returns; for brevity, we relegate the results for yield changes to Appendix Figure B.11.

Results. The upper panels of Figure 4.3 (BG, BN, BB) demonstrate the ambiguous

response of stocks to bad NFP news. While bad NFP news leads to negative stock returns in

bad and neutral times (BN and BB), bad NFP news in good times (BG) inducespositivestock

returns (30 bps on average), as documented by Boyd et al. (2005). Our decomposition reveals

that, although the impact of growth news is negative, the positive stock market response

in the BG panel can be entirely explained by investors updating beliefs about monetary

policy toward an easier stance. This result is intuitive: In good times, communication by

the Fed makes tightenings well anticipated. However, when bad NFP news arrives, investors

perceive it as a signal that the tightening cycle would end (see also Appendix Figure B.11,

panel BG). Moving from the left to the right panel in the �rst row of Figure 4.3, the e�ect

of monetary news weakens in neutral and bad times, making the negative e�ect of bad NFP

news on stocks more direct (panels BN and BB): Stocks earn negative returns as investors

revise downward their beliefs about growth.

The bottom panels of Figure 4.3 (GG, GN, GB) illustrate the e�ect of good NPF news.

The negative e�ect of monetary news on stocks is visible when good NFP news arrives in

good and neutral times (panels GG and GN). These are times when the prospect of the

Fed's tightening dampens the positive NFP news. The o�setting e�ect of monetary news
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tapers o� when the economy weakens, such that good NFP news in bad times (panel GB)

have on average a positive impact on stocks.

Finally, the combined impact of the risk-premium news on stocks is insigni�cant across

the six scenarios. Hence, one might conclude that risk premia do not move on NFP news.26

The common and hedging premium shocks can, however, have a distinct and individually

large e�ect. In particular, good NFP news in bad times (GB) reduces the hedging premium

wp+ and increases the common premiumwp� in stocks. To the extent that the two risk-

premium shocks re�ect a time-varying compensation for exposures to growth and monetary

news, respectively, this result has an intuitive interpretation: Good NFP news in bad times

reduces uncertainty about economic growth (hencewp+ shocks push stocks up) but it also

increases the uncertainty about discount rates as it may signal that an easing cycle would

end (hencewp� shocks reduce stock prices). The reaction of Treasury yields is consistent

with this interpretation, with both risk-premium shocks increasing the 10-year yield on bad

NFP news in good times (Appendix Figure B.11, panel GB).

4.5 Assessing the relative importance of w shocks for asset prices
since the early 1980s

The results so far focus on selected Fed and macroeconomic events. In this section, we

analyze how much of overall variation in yields and stock returns over the last 35 years is

driven by the di�erent economic shocks and how persistent the e�ects of those shocks are

over time.

4.5.1 Asset price responses to shocks across horizons

Given that our reduced-form VAR relies on daily data, one may worry about inferring

long-run e�ects of shocks from it directly. To study persistence, we therefore use the local

projections approach of Jordà (2005). It is known that estimating the mean reversion in

asset prices with VARs is plagued with econometrics issues. Local projections are more

robust to misspeci�cation and allow us to compute impulse-responses without specifying

the full VAR dynamics. We regress multihorizon yield changes and log stock returns on the

26 For example, Boyd et al. (2005) �nd an insigni�cant response of the equity risk premium to bad news in
contractions.
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FIGURE 4.3. Stock returns on non-farm payroll announcement days. The �gure reports average stock returns
and their decompositions into contributions of structural shock on NFP announcement days, conditional on
the type of news and the state of the economy. All numbers are in basis points. Good/Bad NFP news corre-
sponds to a positive/negative NFP surprise (actual less expected NFP). The state of the economy (Good/Neu-
tral/Bad times) is measured using terciles of the Gap variable, Gap = � (Current unemployment � Natural
rate of unemployment), with Gap in top tercile indicating good times. The estimates are obtained as bk co-
ef�cients from regression (4.12), k = t BG, BN, BB, GG, GN, GBu. Each subplot combines estimates ofbk for
a given k from six regressions, using a different dependent variable each. The sample period is 1985:2–2017,
with 389 NFP announcements for which we have both survey and actual numbers, excluding announcements
that fall on a holiday. Before 1997, NFP surprises are from Money Market Services, and from 1997 onward
from Bloomberg. In parentheses, we report the number of NFP announcements falling into bin k. The spikes
indicate 95% con�dence intervals based on robust standard errors.

vector of w shocks:

Y j
t+ d � Y j

t� 1 = ad + bj1
dwt + #t� 1,t+ d. (4.13)

Horizon d is in business days. The coe�cient bj,i
d measures the impact of a one-standard-

deviation shock in w i
t on a (d + 1)-day yield change or stock return. Tracing out bj,i

d as

a function of d, we obtain the cumulative impulse-response functions. Importantly, our

identi�cation assumptions only restrict contemporaneous e�ects of shocks on impact (d = 0),

leaving responses ford ¡ 0 unconstrained.

Figure 4.4 plots the impulse responses for horizons up to three years estimated over the

1983�2017 sample. We compute the error bands with the Newey-West covariance matrix

with d + 1 lags, taking wt shocks from the MT solution as given. Hence, the error bands
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do not re�ect shocks' estimation uncertainty (which is negligible, see Appendix Figure B.4)

nor uncertainty stemming from the set identi�cation which can be signi�cant. We present

the distributions of the impulse-responses across all retained solutions in Appendix Figure

B.12. Moving across rows of Figure 4.4, we see how a particular shock impacts di�erent

assets. The size of on-impact responses is reported in the bottom left corner of each graph.

Growth shocks generate positive responses in stocks and yields that mean-revert slowly

with horizon, suggesting that those shocks operate at the business cycle frequency. Monetary

shocks reveal economically large e�ects for yields with shorter maturities.27 For other assets,

the e�ects of monetary shocks are weaker and mean-revert within about a year, broadly

in line with estimates in the monetary literature. In contrast, premium shocks have a

relatively long-lived e�ect, 28 with hedging premium wp+ persistently a�ecting all assets and

the common premium shockswp� predominantly a�ecting long-term yields and stocks. The

persistent in�uence of premium shocks on stocks is noteworthy in connection to our evidence

on the FOMC cycle in Section 4.4. In particular, the impulse-responses suggest that the

Fed-induced reductions in the risk premium have had a persistent e�ect on raising stock

market valuations from the early 1980s, as recently argued by Bianchi et al. (2022).

4.5.2 Variance ratios

To describe the relative contributions of di�erent shocks to the overall variance of asset

prices over our sample, we calculate variance ratios

VRj,i
d =

Var(uj
t |w

i
t )

Var(uj
t )

, (4.14)

27 A one-standard-deviation monetary shock raises the two-year yield by 3.6 bps on impact which increases
up to 8 bps at about two-year horizon. This magnitude is similar to the estimates based on Kuttner's surprises
(Kuttner, 2001), which effectively capture surprise changes in the policy target. Using all (scheduled) meeting
dates in Kuttner's sample (1989:06–2008:06), a one-standard-deviation surprise leads to a 3.7 bps (2.9 bps)
increase in the two-year yield. Our estimates, however, are based on all dates, as opposed to the FOMC
meeting dates for which Kuttner's surprises are available. The humped-shaped response is consistent with
the evidence that investors' short-rate expectations have a sticky and extrapolative component, and thus adjust
slowly to monetary news (Brooks et al., 2018; Cieslak, 2018).

28 As such, our identi�ed w shocks deliver similar conclusions to J. Y. Campbell and Ammer (1993) who �nd
a small effect of risk-free rate shocks and a large effect of risk premium shocks on stocks, which they attribute
to a high persistence of expected returns.

86



FIGURE 4.4. Impulse-response functions. The �gure presents responses of yield changes and stock returns to
w shocks up to maximum horizon of three years (756 business days). Shocks correspond to the MT solution
and are measured in standard deviation units. Yield changes and stock returns are in basis points. Ddx is a

d-day change in variable x. The thick line traces out the coef�cients bj,i
d from regression (4.13). A coef�cient of

10 implies an asset response of 10 bps to a one-standard-deviation shock. The thin lines mark 95% con�dence
intervals calculated with Newey-West adjustment using d + 1 lags. The numbers in the bottom left corner of
each graph report the size of the on-impact response (for d = 0). The sample period is 1983–2017.

where uj
t is the reduced-form (daily) innovation to asset j, Var(uj

t |w
i
t ) is the variance of

innovation to asset j induced by shockw i
t , and Var(uj

t ) is the overall variance of innovation

to assetj. Sincew shocks are orthogonal, we have
° 4

i= 1 VRj,i
d = 1. We construct the variance

ratios for the full sample (1983�2017) and two subsamples, 1983�1997 and 1998�2017. We

reestimate the model for each subsample.29 Given that variance ratios can be sensitive to a

particular solution in the identi�ed set, in Figure 4.5 we report the average variance ratios

across all retained solutions (bars) as well as ratios obtained with the MT solution (crosses)

to show that they deliver qualitatively similar conclusions. Average variance ratios preserve

29 The split in 1997 demarcates the time around which the comovement between stocks and yields changed
sign from negative to positive, allowing us to study the drivers behind this change. For the subsample analy-
sis, we do not require that the A matrix remains constant. In Appendix B.2, we show that the changing sign of
the stock-yield covariance could arise from shifts in the volatility of structural shocks alone without a change
in structural relations represented by matrix A.
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the convenient property of summing to unity.

Focusing on the full sample in Figure 4.5 Panel A, nearly 80% of variation in the two-year

yield comes from monetary and growth news, with monetary news contributing a slightly

larger share. By contrast, around 80% of variation in the ten-year yield is explained by

the risk-premium shocks. Risk-premium shocks also constitute nearly 60% of variation in

stock returns. Monetary news explains less than 20% of the variation in stock returns and

less than 10% in the ten-year yield changes. The rapidly declining e�ect of monetary news

across yield maturities is consistent with the notion that those shocks mean revert and so

should not have a major e�ect on long-duration assets. Compared to monetary news, the

impact of growth news is relatively more persistent in the cross section of yields, with the

�ve-year yield responding only slightly less than the two-year yield.30

Comparing the pre-/post-1998 subsamples in Panels B and C, we observe a decreased

role of monetary news and increased role of growth news post-1998, especially visible for

the two-year yield. Another pronounced change pertains to the contribution of the common

premium shockswp� to stocks, dropping to below 20% of stock return variance post-1998

from about 50% pre-1998, and accompanied by an increased contribution of the hedging

premium shockswp+ .

The results across subsamples cast light on the sources of the changing stock-yield co-

movement. J. Y. Campbell et al. (2015) document that the risk premium is quantitatively

important for explaining the change in stock-yield covariance from negative to positive in the

late 1990s. Indeed, our �ndings suggest that risk-premium movements in recent decades in-

creasingly re�ect the time-varying compensation for growth news as opposed to discount-rate

news. Given that the hedging (common) premium induces a positive (negative) comovement

of stocks and yields, the shifts in the relative importance of the two risk-premium shocks

align with the change in the stock-yield comovement from negative to positive in the late

1990s. The variance ratios also help interpret a related �nding that the comovement be-

30 Our identi�cation does not constrain the magnitudes of the incremental effects across yield maturities.
For example, the contribution of monetary shocks could decrease slowly or quickly with maturity; likewise,
different shocks could each have roughly the same or very different effects on a given asset. It is an empirical
question, which of these patterns best characterizes the data.
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A. 1983–2017

B. 1983–1997

C. 1998–2017

� growth news, wg � hedging premium news, wp+

� monetary news, wm � common premium news, wp�

FIGURE 4.5. Variance ratios. The �gure presents variance decompositions of innovations in daily yield
changes with maturities of two, �ve, and ten years and stock returns into w shocks. The bars show the
fraction of variance explained by each shock on average across all retained model solutions. Crosses indi-
cate the corresponding variance ratios implied by the MT solution. Variance ratios across shocks sum to unity
by construction. Panel A reports full-sample estimates. Panels B and C are based on separate estimates for
subsamples.

tween stocks and yields, both at short and long maturities, is hard to explain by the �macro

comovement" between expected in�ation and growth news (Du�ee, 2018). According to Fig-

ure 4.5, the changing comovement at short maturities stems mainly from the decline in the

contribution of monetary news relative to growth news, while the changing comovement at

long maturities�from the decline in the contribution of the common premium news relative

to the hedging premium news. The results for the short- and long-end of the yield curve are

thus connected by the fact that they re�ect a diminished e�ect of shocks associated with

the discount rates.
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4.6 Validity of identi�ed shocks

This section provides additional evidence to assess the validity of our identi�cation.

We relate w shocks to observable variables that are sensitive to economic shocks we aim

to identify: economic forecasts from surveys and risk premium proxies proposed in the

literature. We then interpret w shocks through the lens of a stylized a�ne model with

macro risk factors that embeds two distinct sources of time-varying risk premium in stocks

and bonds.

4.6.1 Link to macroeconomic expectations

We begin by connectingw shocks to macroeconomic expectations�forecasts of in�ation

and real GDP growth from the monthly BCEI survey. Using revisions in survey forecast,

we show how forecasters update expectations at di�erent future horizons in response tow

shocks. Survey revisions are not shocks in a structural sense as they re�ect feedback e�ects

between di�erent structural factors driving macroeconomic expectations. However, similar

to the approach in the macro literature that studies responses of macroeconomic aggregates

to structural disturbances, we can assess whether shocks we identify are related with survey

expectations in an economically meaningful way.

Data and empirical speci�cation. The BCEI survey expresses forecasts of real GDP

growth (in�ation) as percent changes in the real GDP (CPI) from the prior quarter, in

annualized terms. In general, near-term forecasts for the current or next quarter are consid-

erably more volatile than longer-horizon forecasts (see Appendix Figure B.5). We de�ne the

forecast update at horizonh as the revision in forecasts between two consecutive surveys (in

month t � 1 and t) for the same future calendar quarter, Updtt (Zh) = Ft (Zh) � Ft� 1(Zh),

where Ft (Zh) denotes forecast formed in montht, and h denotes forecast horizon (in quar-

ters) relative to the forecast month t (making sure that forecasts att and t � 1 refer to the

same quarter). Given available data, we can construct updates from the current quarter

(h = 0q) up to three quarters ahead (h = 3q). We then estimate regressions of the form

Updt t (Zh) = g0 +
¸

i

gh,i
1 w i

t + Updt t� 1(Zh) + #t , (4.15)

where time t is measured in months and the data is sampled monthly. The lag of the
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dependent variable accounts for sluggish expectations updating; it does not materially a�ect

the loadings onw shocks, but controls for any persistence in survey updates. To match the

survey frequency, we sum dailyw shocks within a calendar month.31,32 Coe�cients gh,i
1

represent forecast update of real GDP growth or in�ation h quarters ahead in response to a

one-standard-deviationw i shock. Thus, one can interpret the pattern of coe�cients acrossh

as a survey-based impulse response function (on a non-cumulative basis, given that forecasts

are for percent changes from the previous quarter).

Real GDP forecast updates.One would expect survey forecasts of the real GDP growth

to be highly sensitive to growth news. As a simple illustration of this fact, Figure 4.6 shows

a close comovement between survey updates (at horizon of one quarter aheadh = 1q) and

the identi�ed growth shocks, with both series smoothed over 12 prior months for readability

of the graph.

Figure 4.7 Panel A summarizes results from regressions in equation(4.15). Forecasters

update their growth expectations positively with growth shocks (gh,g
1 coe�cients), as already

indicated by the high correlation in Figure 4.6. Because growth forecasts are much more

volatile at short horizons (Appendix Figure B.5 Panel A), we observe a strong response of

near-term forecasts and a weaker but still positive and signi�cant response at more distant

horizons.

News of monetary easing leads to improved growth forecasts a couple of quarters out

(gh,m
1 coe�cients). The negative relationship holds for all horizons except the current quar-

ter, in line with the notion that monetary policy a�ects real activity with a lag. The positive

coe�cient for the current quarter ( h = 0q), instead, suggests that monetary easing coin-

cides with the public downgrading their assessment of thecurrent state of the economy.33

31 The BCEI survey publishes its results on the 10th of each month and the survey is conducted during several
preceding days (exact dates are not reported). Thus, forecasters' information set mostly re�ects news that
came out during the previous calendar month. To make sure that w shocks are not forward looking relative to
survey updates, we merge survey published in a given month with shocks w accumulated over the previous
month.

32 Our identi�cation imposes that shocks are orthogonal at the daily frequency over the 1983–2017 sample.
There is no guarantee that sums of shocks remain exactly orthogonal once converted to a lower frequency or in
subsamples. However, we �nd that shock correlations are generally low at a monthly and quarterly frequency
(see Appendix Table B.11).

33 Note that the positive relationship g0q,m
1 ¡ 0 in Figure 4.7 Panel A is not isomorphic with the information
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Finally, increases in both the hedging and the common premium are associated with down-

grades to growth forecasts (coe�cients gh,p+
1 , gh,p�

1 ), consistent with the idea that adverse

risk premium shocks can have a negative impact on the real economy (e.g., Christiano et al.,

2014).

CPI in�ation forecast updates. Figure 4.7 Panel B reports results from regression(4.15)

using updates of in�ation forecasts as the dependent variable. Overall, the statistical rela-

tionship betweenw shocks with in�ation forecasts is weaker than with growth forecasts:w

shocks explain up to 9% of variation in in�ation forecast updates compared to nearly 30%

of variation in growth forecast updates. An important observation is that forecasters revise

in�ation forecasts upward in response to growth shocks. This fact points to a procycli-

cal in�ation channel being an important force during our sample period, whereby positive

growth news raises in�ation going forward. In such environment, given that increases in

the hedging premium feed into lower growth expectations (gh,p+   0 coe�cient in Panel

A), they should also depress in�ation expectations, as we �nd is indeed empirically the case

(gh,p+   0 coe�cient in Panel B). We discuss a model that delivers these predictions in

Appendix B.6.4.

The estimates for other shocks are, with few exceptions, economically small and insignif-

icant. Of note is a weak but positive relationship between in�ation forecast updates and

monetary shocks. There are at least two possible interpretations of this result. The pos-

itive sign could indicate a nominal information e�ect, in which a monetary shock reveals

to the public information about in�ation (C. P�ueger & Rinaldi, 2022; Romer & Romer,

2000).34 Alternatively, as we discuss in Section 4.2.2.3,wm shocks could con�ate true mon-

etary shocks with exogenous shocks to expected in�ation. While we are not able to clearly

effect, where the Fed directly reveals information about growth, and which we document in Section 4.4.4 using
narrow window identi�cation. Since in regression (4.15) we work with surveys at a monthly frequency, the
positive relationship can arise if within a given month the Fed lowers interest rates (more than public expected
as argued by Cieslak (2018)) in response to exogenous news and, at the same time, the public downgrades their
growth expectations due to the same news. This interpretation along with the �nding of g0q,m ¡ 0 is consistent
with evidence in M. D. Bauer and Swanson (2023), and in particular with “the Fed response to news" channel
that they document.

34 Similarly, M. D. Bauer and Swanson (2023) �nd a positive relationship between GSS target surprises and
Blue Chip updates of in�ation expectations. The statistical signi�cance of this result is low and, according
to their interpretation, it could re�ect “the Fed response to news" channel rather than a genuine information
effect.
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distinguish between these two possibilities, the relationship between monetary shocks and

in�ation forecast updates is statistically and economically weak. As such, exogenous shocks

to expected in�ation are unlikely to be a dominant confounder in our identi�cation.

We support the above interpretation in Appendix B.5 by linking w shocks to the vari-

ation in breakeven in�ation (BEI) rates (the di�erence between nominal and TIPS yields)

over the post-2003 sample when reliable TIPS data becomes available (Appendix Table B.4

contains the details). BEI rate changes are positively related to growth news, consistent with

procyclical in�ation and the results in Figure 4.7 Panel B. Importantly, however, we show

that BEI rates primarily re�ect �uctuations of the risk premium, with the hedging premium

wp+ being their key driver. An increase in the hedging premium lowers BEI rates, as would

be the case when procyclical in�ation makes nominal bonds even more valuable than real

bonds in terms of hedging real growth risk (see Appendix B.6.4 for further discussion). We

also document that the exposure to hedging premium shocks generates a strong positive

comovement between BEI changes and stock returns observed in recent decades, as positive

wp+ shocks lower both stock returns and BEI rates.

4.6.2 Bond and equity risk premium proxies

Our identi�cation assumes that positive common premium shockswp� increase the risk

premium on stocks and bonds, whereas positive hedging premium shockswp+ increase the

premium on stocks but lower the premium on bonds. Since the time-variation in equity

and bond risk premia is not directly observable, we test and con�rm these sign restrictions

using risk premium estimates proposed in the literature. For the bond risk premium, we

use the Cochrane and Piazzesi (2005, CP) factor and the cycle factor from Cieslak and

Povala (2015) (xc f), both available monthly. For the equity risk premium, we use updated

quarterly CAY estimates from Lettau and Ludvigson (2001), monthly estimates from Kelly

and Pruitt (2013, KP), as well as daily forward equity premium from Martin (2017). We

are interested in establishing how innovations to those proxies comove withw shocks. To

construct innovations, we regress a proxy on its own lags, with the number of lags selected

with the BIC.
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FIGURE 4.6. Comparison of identi�ed growth shocks with survey forecast updates for the real GDP growth.
The �gure superimposes identi�ed growth shocks with forecast updates of real GDP growth expectations from
the BCEI survey. Both identi�ed shocks and survey updates are cumulated over the past 12-month period.
Survey updates are for one quarter ahead (h = 1q). Both variables are standardized to have zero mean and
unit standard deviation.

Before discussing the results, several points are worth highlighting. First, the above

proxies are estimated based on varying assumptions and exploiting di�erent data (possi-

bly involving non-�nancial market information). This leads to large heterogeneity and low

correlations in the implied risk premium variation even within an asset class. Second, the

correlations between equity and bond premium innovations are generally close to zero (Ap-

pendix Table B.12), pointing to the challenge of jointly explaining the variation in risk

premia on stocks and bonds with a single state variable. Finally, none of the risk-premium

proxies (or their innovations) are constructed assuming that they capture pure risk-premium

shocks that are uncorrelated with shocks to expectations of growth or monetary policy path.

Therefore, to assess the importance of pure risk-premium shocks, we report results using

the full set of w shocks as well aswp+ and wp� alone. We aggregatew shocks to monthly

(quarterly) frequency by summing daily shocks within a calendar month (quarter).

Table 4.3 Panel A reports results for the bond risk premium. Pure risk premium shocks

account for most of the explained variation in innovations to both the CP andxc f factors.
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A. Dependent variable: Expected real GDP growth updates

Forecast horizon, h 0q 1q 2q 3q

R2 (w shocks) 0.25 0.29 0.16 0.07

B. Dependent variable: Expected CPI in�ation updates

Forecast horizon, h 0q 1q 2q 3q

R2 (w shocks) 0.05 0.08 0.06 0.09

FIGURE 4.7. Impact of w shocks on survey expectations of real GDP growth and in�ation. The �gure
presents estimates of slope coef�cients gh,i

1 from regression (4.15). Each subplot reports coef�cients for shock
w i across different horizons h. The tables below the graphs display the fraction of forecast updates' variance
explained by w shocks alone (i.e., without the lagged dependent variable). Real GDP growth and CPI in�ation
forecasts are percent changes from the previous quarter and reported at annual rates; updates are de�ned as
changes in those forecasts between consecutive surveys. The data is at a monthly frequency. w shocks are
aggregated to monthly frequency by summing daily shocks within a calendar month and standardized to
have zero mean and unit standard deviation. The spikes indicate 95% con�dence intervals based on robust
standard errors. The sample period is 1983–2017.

The wp+ and wp� shocks explain 81% of monthly innovations inxc f while all four shocks

explain 92%. The corresponding numbers for the CP factor are 49% and 51%. The loadings

on the two risk-premium components have the expected signs: positive for the common

premium wp� and negative for the hedging premiumwp+ . The common premium wp� is

the most signi�cant shock in economic terms over the post-1983 sample.35

35 Both Cochrane and Piazzesi (2005) and Cieslak and Povala (2015) show that their bond premium factors
are consistent with no-arbitrage models. The high correlation of innovations in those factors with w shocks
indicates that we are able to identify risk-premium shocks despite relying on weaker assumptions than those
required by the no-arbitrage framework.
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Table 4.3 Panel B presents similar analysis for the equity premium.

In column (1), we use daily estimates from Martin (2017) available for the 1996�2012

sample. Martin (2017) calculates the lower bound on the forward equity premia for horizons

up to one year. We report the results for the one-year premium in the main text and for

other maturities in the Appendix Table B.13. Martin's premium increases with both wp+

and wp� shocks, consistent with the sign restrictions we postulate. In terms of economic

signi�cance, the coe�cient on wp+ is about 50% larger than onwp� , which agrees with the

increased role of the hedging premium shocks from the late 1990s documented in Section

4.5.2. Pure risk-premium shocks span 38% of daily changes in Martin's premium (all four

shocks span 56%). Turning to the KP and CAY variables, we also �nd that the coe�cients

on wp� and wp+ are positive and statistically signi�cant. All w shocks jointly explain 8.1%

of monthly innovations in KP and 21% of quarterly innovations in CAY, with wp+ and wp�

capturing 3.5% of variation in KP and 5.1% in CAY. The statistically weaker link between

w shocks and KP/CAY relative to Martin's estimates is not surprising. Martin's measure

of the risk premium is tightly related to the implied variance of S&P 500 index options,

whose changes are in turn highly correlated with the S&P index returns underlying our

identi�cation. The KP/CAY proxies, instead, involve a broader information set (di�erent

equity portfolios in the case of KP or macroeconomic variables in the case of CAY).

The growth (monetary) shocks have a negative (positive) impact on innovations in the

equity premium across the alternative measures. These signs agree with the view that equity

risk premium is countercyclical (higher in bad economic times) and that monetary tightening

increases the equity premium (Bekaert et al., 2013; Bernanke & Kuttner, 2005).

Overall, the results show that a non-negligible portion of variation in risk premium stems

from pure risk-premium shocks and con�rm the di�erentially signed impacts on the common

and the hedging premium shocks on the risk compensation in bonds vis-à-vis equities.36

36 To tie our shocks to the time-variation in the levels of the stock and bond risk premia, we also estimate
a low-frequency VAR using identi�ed w shocks as external instruments. The results from the low-frequency
VAR (available upon request) are consistent with the conclusions based on risk premium proxies we consider
in this section.
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Table 4.3. Linking w shocks with innovations to equity and bond risk premium proxies. The table reports
regressions of innovations in different estimates of the bond and equity risk premium on w shocks. Bond
premium proxies (Panel A) are obtained following Cieslak and Povala (2015, xc f) and Cochrane and Piazzesi
(2005, CP). Equity premium proxies (Panel B) are the lower bound on the one-year equity premium from Mar-
tin (2017), the Kelly and Pruitt (2013, KP) measure, and the CAY variable from Lettau and Ludvigson (2001).
Martin's estimates is available at a daily frequency; KP is available monthly, and CAY quarterly. The variables
are obtained from respective authors' websites. Innovations to the risk premium proxies are computed as
residuals from an AR process, where the number of lags is selected using the BIC. (The results are very similar
if we use simple changes instead of AR residuals.) w shocks are aggregated to monthly (quarterly) frequency
by summing up daily shocks within each month (quarter). Regression coef�cients are standardized. Regres-
sions in Panel A are estimated over the 1983–2017 sample. In Panel B, Martin's premium is available for Jan 5,
1996–Jan 31, 2012. The KP data ends in Dec 2010, and CAY data ends in the 3rd quarter of 2017, both starting
in 1983. For comparison with the four-shock regressions, row labelled “ R2(wp� , wp+ )" reports the R2 from
regressions using only two risk-premium shocks, wp� , wp+ . Robust t-statistics are reported in parentheses.

A. Bond risk premium

(1) (2)
xc f (monthly) CP (monthly)

wg 0.302*** 0.125**
(16.75) (2.23)

wm 0.104*** 0.001
(5.82) (0.03)

wp� 0.753*** 0.551***
(42.06) (10.69)

wp+ -0.467*** -0.404***
(-30.57) (-12.22)

R2 0.92 0.51
R2(wp� , wp+ ) 0.81 0.49
N 419 419

B. Equity risk premium

(1) (2) (3)
Martin (daily) KP (monthly) CAY (quarterly)

wg -0.348*** -0.137*** -0.370***
(-19.59) (-2.64) (-3.84)

wm 0.277*** 0.197*** 0.280***
(18.07) (2.99) (3.51)

wp� 0.248*** 0.122** 0.186**
(14.55) (2.55) (2.51)

wp+ 0.416*** 0.181*** 0.136
(23.14) (3.09) (1.44)

R2 0.56 0.081 0.21
R2(wp� , wp+ ) 0.38 0.035 0.051
N 4051 336 138

4.6.3 Model illustration and discussion

This section presents a stylized a�ne asset pricing model which embeds shocks we seek to

identify. We use this setting to rationalize our identi�cation restrictions. We also introduce

exogenous shocks to expected in�ation (trend in�ation shocks) to analyze their asset pricing

implications and potentially confounding e�ects on shocks we identify empirically. Appendix

B.6 contains details and extensions to the basic setup presented below.

We assume that state variables evolve according to a VAR(1) process

Ft+ 1 = mF + F FFt + SFwt+ 1, (4.16)

where Ft , with F F stable, contains expected in�ation t t , expected real growth rate of the

economy gt , a monetary policy factor mt , and two state variables driving time-varying

market prices of risk x+
t , x�

t , Ft = ( t t , gt , mt , x+
t , x�

t )1. Shockswt = ( w t
t , wg

t , wm
t , wx+

t , wx�
t )1
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are independent and normally distributedN (0, 1), and SF is a diagonal matrix. The nominal

one-period interest rate is determined by

i t = d0 + dt t t + dggt + mt = d0 + d1
1Ft , (4.17)

where d1 = ( dt , dg, dm, 0, 0)1 and we use normalizationdm = 1. Equation (4.17) can be

thought of as a forward looking Taylor rule, where mt captures (potentially persistent)

deviations from the systematic component of the rule by the Fed. Realized in�ation is

p t+ 1 = t t + sp #p
t+ 1 and realized nominal dividend growth isDdt+ 1 = gt + sd#d

t+ 1 + p t+ 1.

We assume that#p , #d shocks are not priced and are uncorrelated withw shocks. The log

nominal stochastic discount factor (SDF) evolves according toxt+ 1 = � i t � 1
2L 1

tL t � L 1
twt+ 1,

where L t = S� 1
F ( l 0 + L 1Ft ) determines the properties of the risk premia. With the above

assumptions, the continuously compounded yield on then-period nominal bond (y(n)
t ) and

the log price-dividend ratio (pdt) are a�ne functions of the state:

y(n)
t = bn + B1

nFt (4.18)

pdt = bs + B1
sFt , (4.19)

where y(1)
t = i t and pdt = st � dt with st denoting the log stock market index and

dt denoting log level of dividends. Coe�cient vectors Bn and Bs have a well-known form

provided in Appendix B.6. We use notation Bj
� for a coe�cient associated with j-th element

of Ft .

Innovations to yields arey(n)
t+ 1 � Et (y(n)

t+ 1) = B1
nSFwt+ 1 and innovations to the log pd ratio

are pdt+ 1 � Et (pdt+ 1) = B1
sSFwt+ 1. Therefore, the signs of coe�cients Bn and Bs determine

the direction in which w shocks move yield changes and stock returns. The e�ects are

particularly transparent if the feedback matrix F F in equation (4.16) is diagonal, which is

the case we focus on below. The main intuition from the diagonal case extends to scenarios

which allow for meaningful feedbacks between the state variables (see Appendix B.6). We

also impose additional restrictions on the short-rate coe�cients d1, which are supported

by empirical Taylor rule estimates (e.g., Clarida et al., 2000; Coibion & Gorodnichenko,

2012). Speci�cally, growth news impacts stocks and yields in the same direction (Bg
s ¡ 0

and Bg
n ¡ 0), if the short rate moves less than one for one with expected growth (0   dg   1).
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With dm = 1, monetary news moves stocks and yields in opposite directions (Bm
s   0 and

Bm
n ¡ 0). As such, while bonds hedge growth shocks in stocks, both stocks and bonds are

similarly exposed to pure discount-rate shocks via monetary news a�ecting the short rate.

In relation to the discussion in Section 4.2.2.3, we consider the impact of expected

in�ation news in this setting. A large literature suggests that post-1983, the Fed responded

strongly to expected in�ation, suggesting that dt ¥ 1. When dt = 1, a positive shock to

expected in�ation raises yields (Bt
n ¡ 0), but has no e�ect on stocks (Bt

s = 0). Instead,

when dt ¡ 1, i.e., the so-called Taylor principle holds, a positive shock to expected in�ation

causes the stock market to fall and yields to increase (Bt
s   0 and Bt

n ¡ 0). Thus, the impact

of exogenous expected in�ation news is akin to the pure discount-rate shock in that it moves

stocks and yields in opposite directions (also satisfying the cross-maturity restrictions), just

like monetary news does. This scenario would imply that monetary shocks we identify

can subsume both the true monetary shocks as well as shocks to expected in�ation. The

evidence we provide using survey expectations of in�ation in Section 4.6.1 suggests that such

confounding e�ect is small over the period we analyze.37

Finally, the model illustrates the two sources of risk-premium variation which we posit in

the empirical analysis. Suppose that investors earn time-varying risk premia for exposures to

growth and monetary shockswg and wm, while risk premia for other shocks are constant. For

example, investors can have distinct time-varying risk aversions over growth and monetary

shocks, which we capture with reduced-form market price of risk factorsx+
t , x�

t . Then,

shocks to the log SDF are

xt+ 1 � Et (xt+ 1) = � l 1
0S� 1

F wt+ 1 �
l gx+

sg
x+

t wg
t+ 1 �

l mx�

sm
x�

t wm
t+ 1, (4.20)

implying that �uctuations in risk premia are driven by the two factors, x+
t , x�

t .38 Denoting

37 Empirically, we �nd that over the post-1983 period, expected in�ation updates have an insigni�cant effect
on the stock market, as shown in Appendix Table B.1. In the model (4.16)–(4.19), expected in�ation has no
effect on stocks if the short rate loading on t t is unity ( dt = 1) and expected in�ation does not feedback onto
expected growth gt (i.e., F F(2,1) = 0). Estimating a VAR using survey expectations for real GDP growth and
CPI in�ation over the post-1983 sample, we indeed �nd that the feedback of expected in�ation on expected
growth is not statistically different from zero. Appendix B.6.3 contains the details.

38 In practice, we identify the signs of l gx+ and l mx� jointly with x+
t and x�

t . Therefore, in our empirical

approach, we assume l gx+ ¡ 0 and l mx�   0 such that positive shocks to x+
t and x�

t both increase risk

premia in stocks, and we denote p+
t = l gx+ x+

t and p�
t = l mx� x�

t .
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the one-period log excess return on stocks and bonds respectively asrx (n)
t+ 1 and rxs

t+ 1, the

risk premia are39

Et (rx
(n)
t+ 1) +

1
2

Vart (rx
(n)
t+ 1) = const.� (n � 1)Bg

n� 1l jh n

(� )

l gx+ x+
t � (n � 1)Bm

n� 1l jh n

(� )

l mx� x�
t , (4.21)

Et (rxs
t+ 1) +

1
2

Vart (rxs
t+ 1) = const.+ k1( Bg

sljhn

(+)

l gx+ x+
t + Bm

sljhn

(� )

l mx� x�
t ), (4.22)

where k1 is a positive linearization constant slightly below unity. The risk premia inherit

the respective asset's exposures to growth and monetary shocks via loadingsBg
� and Bm

� .

Because both stock and bond prices load onwm with the same sign, shocks tox�
t move bond

and equity premium in the same direction (generating a negative stock-yield comovement).

Thus, the x�
t variable represents the time-variation in the commonpremium in stocks and

bonds earned in compensation for pure discount-rate shocks to the risk-free rate. In contrast,

because stocks and bonds load onwg with opposite signs, shocks tox+
t move bond and stock

premia in opposite directions (generating a positive stock-yield comovement). As such, the

x+
t variable captures the time-variation in the hedgingpremium on bonds vis-a-vis stocks

earned in compensation for pure cash-�ow shocks.

4.7 Conclusions

We propose a new approach to analyzing the sources of variation in asset prices. We

exploit the fact that mainstream asset pricing models have a structural VAR representation.

Economically interesting shocks can thus be uncovered from reduced-form VAR dynamics

of asset prices combined with restrictions on how shocks a�ect those prices. We impose

intuitive restrictions on how shocks to investors' expectations about the path of monetary

policy (risk-free rate shocks), shocks to growth expectations as well as pure risk-premium

shocks a�ect the joint dynamics of the stock market and the Treasury yield curve across

maturities. Importantly, we allow for two sources of risk-premium news�the common and

39 The nominal and real expected stock returns differ only by a constant, and so their responses to structural
shocks are the same. For brevity of notation, we thus do not differentiate between real and nominal stock
returns here.
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the hedging premium�capturing time-varying compensation for discount-rate and cash-�ow

risk, respectively, and show that these shocks a�ect stocks and bonds in di�erent ways.

We apply the identi�cation to study the channels through which the Fed a�ects �nancial

markets. The results highlight a direct e�ect of the Fed on asset prices via its ability

to reduce both sources of risk premia, which strengthens from mid-1990s. More broadly,

quantifying the importance of di�erent shocks for asset prices since the early 1980s, we �nd

that the relative importance of growth expectations and hedging premium news increased

in the late 1990s, contributing to a switching sign of the comovement between stocks and

bonds.

Our approach can be used to study the content of various events, with di�erent models

in the background. The identi�cation restrictions we impose are deliberately weak and, as

such, less subject to potential misspeci�cation. One could tighten the identi�cation in several

ways, for example, by introducing narrative or event-based sign restrictions or constraints

on the comovement between shocks and external variables (Antolín-Díaz & Rubio-Ramírez,

2018; Ludvigson et al., 2017), as well as by imposing further theory-motivated constraints

on the shape of the yield curve, cross-section of stock portfolios, or additional assets.
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5. Conclusion
This dissertation comprises two chapters studying how macroeconomics and the �nancial

market are connected.

In the �rst two chapters, I use macroeconomic mechanisms to understand the pricing

of �nancial assets. I study how agents form in�ation expectations across di�erent forecast

horizons and how the expectations formation a�ects the Treasury bond pricing. I analyze

survey in�ation forecasts and document that these forecasts deviate from full-information

rational expectations (FIRE), and the deviation varies across forecast horizons. To recon-

cile the cross-horizon forecast behavior, I propose a new subjective expectations formation

model. Embedding the expectations model within a yield curve model, I explain several

bond pricing puzzles with a uniform in�ation belief story.

The third chapter is based on the joint work with Anna Cieslak. In this chapter, we

extract macroeconomic information embedded in the asset prices. We propose an approach

to identifying economic shocks from asset prices, which allows us to study the drivers of asset

prices at a daily frequency since the early 1980s. We apply the identi�cation to examine

investors' responses to news from the Fed and key macro announcements.
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Appendix A. Appendix to Chapter 2 and Chapter 3
A.1 Proofs
A.1.1 Proofs of subjective belief of objective dynamics

This section proves the coe�cients bh and gh from regressions (2.5) and (2.6) under

di�erent subjective dynamics. Note that, when derive the coe�cients, I assume objective

dynamics is the same as the subjective dynamics and ignore the existence of any non-FIRE

expectations. These two assumptions are not necessary but helps simplify the proof. I will

discuss their necessity in the proof. For simplicity of notation, denotep t as the in�ation

rate from t � 1 to t, the p t� 1,t in the main context. Recall that the two regressions we are

interested in are:

Ẽt [p t+ h] � Ẽt� 1[p t+ h] = const.+ gh(Ẽt [p t+ h� 1] � Ẽt� 1[p t+ h� 1]) + et

Ẽt [p t+ h] = const.+ bhẼt� 1[p t+ h� 1] + et

RW, RW-AO, and UCSV:

These dynamics all follow a random walk speci�cation. De�ne a time t predictor xt ,

where xt = p t for RW, xt = 1
4

° 3
i= 0 p t� i , and xt = Ẽt [p̄ t ] the �ltered trend in UCSV. Thus,

given today's predictor xt , Ẽt [p t+ h] = xt , @h ¡ 0. Hencegh = 1 and bh = 1 for all h. Note

that, even when objective dynamics is some other unknown dynamics and there are some

non-FIRE expectations, as long asẼt [p t+ h] = xt , @h ¡ 0 holds, gh would be 1.

AR(p):

A general form of AR(p) model is

(1 � r (L ))p t = #t

where r (L ) =
° p

i= 0 r iL i and #t � N (0,s2
#). For simplicity, assume that s# = 1.

Under the uni-variate model, the forecast forh horizon ahead and the forecast revision are

given by:

Ẽt [p t+ h] = Ẽt [
1

1 � r (L )
#t+ h]

Ẽt [p t+ h] � Ẽt� 1[p t+ h] = Et [
1

1 � r (L )
#t+ h] � Ẽt� 1[

1
1 � r (L )

#t+ h]
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A general p lag AR model is able to generate any possiblebh and gh coe�cients. How-

ever, they require speci�c values ofr i 's which are not consistent with the reality. I only

consider two plausible cases, AR(1) and AR(2) which are two processes that most literature

would assume macro-variables to follow. Under the uni-variate environment, there is no evi-

dence that higher-order models match the data better than these two. Even if one considers

subjective belief of survey forecasters, we should have lower-order but not higher-order due

to inattention or limited attention, as suggested in Fuster et al., 2010.

AR(1):

Ẽt [p t+ h] = Et [
1

1 � r 1L
#t+ h] = Et [

8̧

i= 0

r i
1#t+ h� i ] =

8̧

i= h

r i
1#t+ h� i

Ẽt [p t+ h] � Ẽt� 1[p t+ h] =
8̧

i= h

r i
1#t+ h� i �

8̧

i= h+ 1

r i
1#t+ h� i = r h

1#t

Thus,

bh =
Cov(Ẽt [p t+ h], Ẽt� 1[p t+ h� 1])

Var(Ẽt� 1[p t+ h� 1])
=

Cov(
° 8

i= h r i
1#t+ h� i ,

° 8
i= h+ 1 r i � 1

1 #t+ h� i )

Var(
° 8

i= h+ 1 r i � 1
1 #t+ h� i )

=

r 2h+ 1
1

1� r 2
1

r 2h
1

1� r 2
1

= r 1

gh =
Cov(r h

1#t , r h� 1
1 #t )

Var(r h� 1
1 #t )

= r 1.

Both coe�cients are independent from h and equal to r 1.

AR(2):
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Under AR(2), p t = r 1p t� 1 + r 2p t� 2 + #t .

Ẽt [p t+ h] = Et [
1

1 � r 1L � r 2L 2 #t+ h] = Et [
1

(1 � l 1L )(1 � l 2L )
#t+ h]

= Et [
1

l 1 � l 2
(

l 1

1 � l 1L
�

l 2

1 � l 2L
)#t+ h]

=
1

l 1 � l 2

8̧

i= h

( l i+ 1
1 � l i+ 1

2 )#t+ h� i

Ẽt [p t+ h] � Ẽt� 1[p t+ h] =
1

l 1 � l 2

8̧

i= h

( l i+ 1
1 � l i+ 1

2 )#t+ h� i �
1

l 1 � l 2

8̧

i= h+ 1

( l i+ 1
1 � l i+ 1

2 )#t+ h� i

=
1

l 1 � l 2
( l h+ 1

1 � l h+ 1
2 )#t

where, l 1 and l 2 are two roots of the polynomial l 2 � r 1l � r 2 = 0, l 1,2 = r 1�
?

r 2
1+ 4r 2

2 .

Since I am focusing on macro-variables, it is reasonable to �xr 1 ¡ 0. Hence, there are

two sets of possible values ofr 1 and r 2. 1) r 1 ¡ 0 and r 2   0 which corresponds to the

hump-shape dynamic argued by Fuster et al., 2010; 2)r 1 ¡ 0 and r 2 ¡ 0. When r 2   0, it

is theoretically possible to have complexl 's. However, I only consider the case when both

l 's are real roots.1

If r 1 ¡ 0 and r 2   0, we have bothl 1 ¡ 0 and l 2 ¡ 0. Otherwise, if r 1 ¡ 0 and r 2 ¡ 0,

we havel 1 ¡ 0 and l 2   0, and |l 1| ¡ | l 2|.

bh =
Cov(Ẽt [p t+ h], Ẽt� 1[p t+ h� 1])

Var(Ẽt� 1[p t+ h� 1])
=

Cov( 1
l 1� l 2

° 8
i= h( l i+ 1

1 � l i+ 1
2 )#t+ h� i ,

1
l 1� l 2

° 8
i= h+ 1( l i

1 � l i
2)#t+ h� i )

Var( 1
l 1� l 2

° 8
i= h+ 1( l i

1 � l i
2)#t+ h� i )

=
° 8

i= h+ 1( l i+ 1
1 � l i+ 1

2 )( l i
1 � l i

2)
° 8

i= h+ 1( l i
1 � l i

2)( l i
1 � l i

2)
=

l 2(h+ 1)+ 1
1
1� l 2

1
+ l 2(h+ 1)+ 1

2
1� l 2

2
� ( l 1 + l 2) l h+ 1

1 l h+ 1
2

1� l 1l 2

l 2(h+ 1)
1

1� l 2
1

+ l 2(h+ 1)
2

1� l 2
2

� 2 l h+ 1
1 l h+ 1

2
1� l 1l 2

gh =
Cov( 1

l 1� l 2
( l h+ 1

1 � l h+ 1
2 )#t , 1

l 1� l 2
( l h

1 � l h
2)#t )

Var( 1
l 1� l 2

( l h
1 � l h

2)#t )
=

l h+ 1
1 � l h+ 1

2

l h
1 � l h

2

.

I want to focus on the dynamic of these two coe�cients with di�erent h. Thus, I take the

1 There is no evidence in the data that the parameters will lead to negative r 2
1 + 4r 2.
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�rst di�erentiation w.r.t. h:

bh+ 1 � bh =

l 2(h+ 2)+ 1
1
1� l 2

1
+ l 2(h+ 2)+ 1

2
1� l 2

2
� ( l 1 + l 2) l h+ 2

1 l h+ 2
2

1� l 1l 2

l 2(h+ 2)
1
1� l 2

1
+ l 2(h+ 2)

2
1� l 2

2
� 2 l h+ 2

1 l h+ 2
2

1� l 1l 2

�

l 2(h+ 1)+ 1
1
1� l 2

1
+ l 2(h+ 1)+ 1

2
1� l 2

2
� ( l 1 + l 2) l h+ 1

1 l h+ 1
2

1� l 1l 2

l 2(h+ 1)
1
1� l 2

1
+ l 2(h+ 1)

2
1� l 2

2
� 2 l h+ 1

1 l h+ 1
2

1� l 1l 2

gh+ 1 � gh =
l h+ 2

1 � l h+ 2
2

l h+ 1
1 � l h+ 1

2

�
l h+ 1

1 � l h+ 1
2

l h
1 � l h

2

= �
l h

1l h
2( l 1 � l 2)2

( l h+ 1
1 � l h+ 1

2 )( l h
1 � l h

2)

When r 1 ¡ 0 and r 2   0, l 1 ¡ 0 and l 2 ¡ 0, we have bothbh+ 1 � bh   0 and gh+ 1 � gh   0,

the coe�cients decrease withh, bh ¡ bh+ 1 and gh ¡ gh+ 1 for all h. When r 1 ¡ 0 and r 2 ¡ 0,

l 1 ¡ 0, l 2   0, and |l 1| ¡ | l 2|, we havegh+ 1 � gh ¡ 0 if h is odd, and gh+ 1 � gh   0 if h

is even. This impliesg2 ¡ g3, and g3   g4, etc. So, it is still hard to know relationship like

whether g4   g2. We need to look at the second di�erentiation.

|gh+ 1 � gh| � | gh+ 2 � gh+ 1| =

$
&

%

gh+ 2 � gh, if h is odd

gh � gh+ 2, if h is even

gh+ 2 � gh = l h
1l h

2( l 1� l 2)( l 2
2� l 2

1)
( l h+ 2

1 � l h+ 2
2 )( l h

1� l h
2)

¡ 0 if h is odd and   0 if h is even. Thus, |gh+ 1 � gh| �

|gh+ 2 � gh+ 1| ¡ 0 for all h which means the di�erence is decreasing withh. Thus, when

r 1 ¡ 0 and r 2 ¡ 0, we havegh decreases spirally withh. Both cases implyg2 ¡ g4.

ARMA(1,1):

When the in�ation follows an ARMA(1,1) model, the expectation would follow an AR(1).

Thus, we should expect thebh and gh coe�cients to be the same as in the AR(1) case. A

detailed derivation is as below. Under ARMA(1,1), p t = rp t� 1 + y#t� 1 + #t .

Ẽt [p t+ h] = Ẽt [rp t+ h� 1 + y#t+ h� 1 + #t+ h] =

$
&

%

r Ẽt [p t+ h� 1], h ¡ 1

rp t + y#t , h = 1
= r h� 1(rp t + y#t ).
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Thus,

bh =
Cov(Ẽt [p t+ h], Ẽt� 1[p t+ h� 1])

Var(Ẽt� 1[p t+ h� 1])
=

Cov(rp t + y#t , rp t� 1 + y#t� 1)
Var(rp t� 1 + y#t� 1)

=
Cov(r (rp t� 1 + y#t� 1), rp t� 1 + y#t� 1)

Var(rp t� 1 + y#t� 1)
= r

gh =
Cov(Ẽt [p t+ h] � Ẽt� 1[p t+ h], Ẽt [p t+ h� 1] � Ẽt� 1[p t+ h� 1])

Var(Ẽt [p t+ h� 1] � Ẽt� 1[p t+ h� 1]))
=

$
&

%

r , h ¡ 1

r + y , h = 1

Trend-AR: The trend-AR model includes two components. I discuss thebh and gh

coe�cients under the assumption that the forecasters neither observe them separately and

thus need to learn about them with an unobserved component model as the econometrician

does in Section 2.4.2

p t = p̄ t + p̃ t

p̄ t = p̄ t� 1 + s̄p wp̄ ,t , wp̄ ,t � i.i.d N(0, 1)

p̃ t = r p̃ t� 1 + s̃p wp̃ ,t , wp̃ ,t � i.i.d N(0, 1), and 0   r   1

Denote A = diag(1,r ). Since agents do not observēp t and p̃ t separately but only observe

a signal St = p t , agents need to form expectation ofp̄ t and p̃ t through learning. Denote

Ẽt [x t ] =
�

Ẽt [p̄ t ]
Ẽt [p̃ t ]

�
and H = ( 1, 1)1, the learning will follow:

Ẽt [x t ] = AẼt� 1[x t� 1] + K(St � H1AẼt� 1[x t� 1])

where K = [ kp̄ , kp̃ ]1 is the Kalman gain. The forecasts areẼt [p t+ h] = H1AhẼt [x t ]. Hence,

Ẽt [p t+ h] � Ẽt� 1[p t+ h] = H1AhK(St � H1AẼt� 1[x t� 1]). So,

gh =
Cov(Ẽt [p t+ h] � Ẽt� 1[p t+ h], Ẽt [p t+ h� 1] � Ẽt� 1[p t+ h� 1])

Var(Ẽt [p t+ h� 1] � Ẽt� 1[p t+ h� 1]))
=

H1AhKK1Ah� 11
H

H1AhKK1Ah1H

=
k2

p̄ + ( r + 1)r h� 1kp̄ kp̃ + r 2h� 1k2
p̃

(kp̄ + r h� 1kp̃ )2

2 Suppose the forecasters observe the two components separately and independently, and w.l.o.g, forecasters

observe the correct p̄ t and p̃ t . It is easy to show that bh = s̄2
p + r 2h+ 1s̃2

p
s̄2

p + r 2hs̃2
p

and gh = s̄2
p + r 2h� 1s̃2

p
s̄2

p + r 2h� 2s̃2
p

which are both

increasing in h.
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Taking derivative w.r.t h, we have Bgh
Bh ¡ 0 since kp̄ ¡ 0 and kp̃ ¡ 0. So, gh is increasing

with h. Note that any non-FIRE expectation mechanisms that changeA or K, e.g., sticky

information and over-extrapolation, do not a�ect the above proof.

bh =
Cov(Ẽt [p t+ h], Ẽt� 1[p t+ h� 1])

Var(Ẽt� 1[p t+ h� 1])
=

Cov(H1AhẼt [x t ], H1AhẼt� 1[x t� 1])
Var(H1AhẼt� 1[x t� 1])

If the learning is FIRE, then Cov(K(St � H1AẼt� 1[x t� 1]), AẼt� 1[x t� 1]) = 0 as the shock

St � H1AẼt� 1[x t� 1] should be unexpected. Then we have,

bh =
Cov(H1Ah+ 1Ẽt� 1[x t� 1], H1AhẼt� 1[x t� 1])

Var(H1AhẼt� 1[x t� 1])
=

H1Ah+ 1Var(Ẽt [x t ])Ah1
H

H1AhVar(Ẽt [x t ])Ah1H

We can denoteVar(Ẽt [x t ]) =
�

s2
1 r 12s1s2

r 12s1s2 s2
2

�
. Since kp̄ ¡ 0 and kp̃ ¡ 0, we have

r 12 ¡ 0, and we haveBbh
h ¡ 0 as well.

If the learning is not FIRE, there is no simple proof can be achieved.

A.1.2 Proof of reduced-form diagnostic expectation

To show that the diagnostic expectation has the form in (2.10), I extend the univariate

case considered in Bordalo et al., 2020 to multivariate case considered in this paper. For

simplicity, denote x i
t|t = Ẽi

t [x t ], x i
t|t� 1 = Ẽi

t� 1[x t ], and x i ,q
t|t = Ẽi

q,t [x t ]. Under diagnostic

expectation, an individual's belief of the joint distribution of x t is formed based on her

individual signal Si
t and all previous information,

f (x t |Si
t , � � � ) =

f (Si
t |x t ) f (x t |Si

t� 1, � � � )
³

f (Si
t |x ) f (x |Si

t� 1, � � � )dx

f q(x t |Si
t , � � � ) = f (x t |Si

t , � � � )(
f (x t |Si

t , � � � )
f (x t |t Si

t� 1, � � � u Y t x i
t|t� 1u)

)q 1
Zt

Under rational expectation and by steady-state Kalman �ltering,

x i
t|t = x i

t|t� 1 + K(Si
t � Hx i

t|t� 1)

f (x t |Si
t , � � � ) � N (x i

t|t , ( I � SH1(HSH1+ s2
#) � 1H )S

l jh n

P

)
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When Si
t = Hx i

t|t� 1, f (x t |t Si
t� 1, � � � u Y t x i

t|t� 1u) � N (x i
t|t� 1, P), so

log( f q(x t |Si
t , � � � ))9 log( f (x t |Si

t , � � � )) + q[log( f (x t |Si
t , � � � )) � log( f (x t |t Si

t� 1, � � � u Y t x i
t|t� 1u))]

9 � (x t � x i
t|t )

1P� 1(x t � x i
t|t )

� q((x t � x i
t|t )

1P� 1(x t � x i
t|t ) + ( x t � x i

t|t� 1)1P� 1(x t � x i
t|t� 1))

9 � (x t � (1 + q)x i
t|t + qx i

t|t� 1)1P� 1(x t � (1 + q)x i
t|t + qx i

t|t� 1)

Given the normalization that
³

f q(x t |Si
t , � � � )dx = 1, we have f q(x t |Si

t , � � � ) � N (x i
t|t +

q(x i
t|t � x i

t|t� 1), P), thus, x i ,q
t|t = x i

t|t� 1 + ( 1+ q)K(Si
t � Hx i

t|t� 1). Aggregate ofi yields x q
t|t =

x t|t� 1 + ( 1 + q)K(St � Hx t|t� 1).

A.2 Forecast term structure vs. time series

Angeletos et al., 2021(AHS) document that the consensus forecast displays delayed-

overshooting across time. Forecasts initial under-react to news but later over-react news.

They run the impulse response regression below with the same intuition of re�ecting the

agents' reaction to the news as the forecast error on forecast revision regression above:

p t+ k� 1,t+ k+ 3 � pEt+ k� 1[p t+ k� 1,t+ k+ 3] = ak + bkwt + et+ k+ 3, (A.1)

where wt is a structural shock at t, which is related to in�ation. bk traces out the reaction

across time. Panel A of Figure A.5 replicates this impulse response function and con�rms

the existence of the delayed overshooting by using the structural monetary policy shock from

Cieslak and Pang, 20213.

The delayed over-shooting at the time-series dimension shares some common features

with the term-structure evidence in Figure 2.1. Nevertheless, they are not necessarily the

same and can reveal di�erent aspects of expectation formation. AHS brie�y discuss this,

but they didn't exploit the term-structure information. The time-series and term-structure

properties can be di�erent because frictions and biases resolve across time. Moreover, di�er-

ent frictions and biases resolve at di�erent speeds. For example, in AHS, noisy signal, which

is an information friction, resolves faster across time than persistent extrapolation bias as

3 As argued by Cieslak and Pang, 2021, the monetary policy shock identi�ed in their paper includes structural
in�ation shock.
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new information comes every period. However, as for the term structure, the strength of

the noisy signal remains constant across forecast horizons.

A.3 Details of alternative in�ation DGPs and comparison

This section elaborates on the alternative in�ation DGPs mentioned in Section 2.4.1 and

the details about the comparison.

Let p t+ 1 � p tÑ t+ 1 represent the one-period in�ation rate from t to t + 1; the aforemen-

tioned alternative dynamics can be outlined as follows:Random walk (RW):

p t+ 1 = p t + sp wp ,t+ 1, wp ,t+ 1 � i.i.d N(0, 1) (A.2)

Moving-average random walk (RW-AO):

p t+ 1 =
1
4

4¸

i= 1

p t� i+ 1 + sp wp ,t+ 1, wp ,t+ 1 � i.i.d N(0, 1) (A.3)

AR(p):

p t+ 1 = r 0 +
p¸

i= 1

r ip t� i+ 1 + sp wp ,t+ 1, wp ,t+ 1 � i.i.d N(0, 1) (A.4)

ARMA(1,1):

p t+ 1 = r 0 + r 1p t + ys p wp ,t + sp wp ,t+ 1, wp ,t+ 1 � i.i.d N(0, 1) (A.5)

Unobserved-component stochastic volatility (UCSV):

p t+ 1 = p̄ t+ 1 + sp ,twp ,t+ 1, wp ,t+ 1 � i.i.d N(0, 1)

p̄ t+ 1 = p̄ t + s̄p ,twp̄ ,t+ 1, wp ,t+ 1 � i.i.d N(0, 1) (A.6)

log(s2
�,t ) = log(s2

�,t� 1) + e�,t , e�,t � i.i.d N(0,g)

The comparison of these dynamics with the proposed trend-gap dynamics is through

out-of-sample RMSE of prediction. I estimate each model recursively in real time and form

forecasts for in�ation rates 1 to 4 quarters ahead. Speci�cally, at each timet, I use 15 years

(or 60 quarters) of actual in�ation data�up to time t�to estimate these models. 4 Next, I

4 I refer to the 2021 Q4 vintage of CPI in�ation. Using real-time vintage produces nearly identical outcomes,
given the minimal revisions in the CPI, a fact underscored in Faust and Wright, 2013. I opt for a rolling window
instead of an expanding window to diminish the impact of pre-1983 data.
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generate forecasts for the quarterly in�ation rates fromt + 1 to t + 4. The root mean square

error (RMSE) of the forecasts serves as the performance metric. The predictive sample

encompasses the period from 1983 to 2019, which is the primary sample studied in this

paper, while the initial data for estimation goes back to 1968 (15 years prior to the �rst

prediction date). I estimate these models with standard procedures: AR and ARMA models

through maximum likelihood, the UCSV model via Bayesian sampling, and the trend-gap

model through maximum likelihood combined with the Kalman �lter. 5

The root mean square error (RMSE) of the forecasts serves as the performance metric. I

treat the proposed trend-gap model as the benchmark and normalize other models' RMSEs

relative to this reference. Consequently, an RMSE greater (or lesser) than 1 indicates inferior

(or superior) performance relative to the benchmark. The statistical signi�cance of the

relative RMSE di�ering from 1 is determined following Diebold and Mariano, 2002.

Table A.1 reports the results. Across all horizons, the trend-gap model outperforms

alternatives, aligning with the conclusion of Faust and Wright, 2013. I only report p = 4

for the AR(p) model, which yields the lowest average RMSE over various forecast horizons

compared to other p values ranging from 1 to 10. Of all the alternative models, only the

RW-AO model exhibits slightly better performance than the benchmark trend-gap model

at the 4-quarter ahead forecast horizon, albeit insigni�cantly.

One potential drawback of the above analysis is that the recursive estimation, facilitating

out-of-sample prediction, might unduly favor certain models. For instance, while the UCSV

model of J. H. Stock and Watson, 2007 explicitly incorporates stochastic volatility, other

models can also yield pseudo-time-varying parameters due to recursive estimation.

To ensure robustness, I therefore carry out a full-sample estimation and evaluate the

in-sample forecast RMSE, as reported in Appendix Table A.3. The conclusion remains

valid. Hence, from an econometrician's standpoint, the trend-gap dynamics present a reliable

benchmark for both real-time and ex-post full sample in�ation forecasting.

5 From the econometrician's viewpoint, the trend-gap model also functions as an unobserved component
model since only the single series of realized in�ation is observable, not the individual components separately.
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Table A.1. Comparison of in�ation prediction performance. This table reports the recursive out-of-sample
RMSEs of in�ation prediction of different dynamics described in Section 2.4.1. Forecast horizons are from
1-quarter to 4-quarter ahead. RMSEs are normalized by setting the RMSE of the trend-gap model to 1. RMSE
smaller than one is emphasized in bold font. *, **, *** denote one-sided 10%, 5%, and 1% signi�cance levels that
the RMSE of a model is different from one, respectively. The signi�cance is based on Diebold and Mariano,
2002.

Horizon h=1 h=2 h=3 h=4

RW 1.140*** 1.302*** 1.274** 1.282***

RW-AO 1.0319 1.0462 1.0250 0.9829

AR(4) 1.0187 1.0547* 1.0743** 1.0487*

ARMA(1,1) 1.0719** 1.1692*** 1.2302*** 1.2233***

UCSV 1.0321 1.0428 1.0118 1.0112

A.4 Forecast averaging in the survey

In Section 2.4, the econometrician uses Kalman �lter to learn about the trend and gap

from the single realization in�ation series.

p t = p̄ t + p̃ t

p̄ t = p̄ t� 1 + s̄p wp̄ ,t , wp̄ ,t � i.i.d N(0, 1)

p̃ t = r p̃ t� 1 + s̃p wp̃ ,t , wp̃ ,t � i.i.d N(0, 1), and 0   r   1

Denote A =
�
1 0
0 r

�
and Q =

�
s̄p 0
0 s̃p

�
. Agents observe a signalSt = p t . Denote Ẽt [x t ] =

�
Ẽt [p̄ t ]
Ẽt [p̃ t ]

�
and H = [ 1, 1]1, the learning will follow:

Ẽt [x t ] = AẼt� 1[x t� 1] + K(St � H1AẼt� 1[x t� 1])

where K = [ kp̄ , kp̃ ]1 is the steady state Kalman gain whereK = SH1(HSH1) � 1, where S is

solved by the Lyapunov equationS = ASA1+ Q � ASH1(HSH1) � 1HSA1. In this updating

process, forecasters observe a realized shockSt � H1AẼt� 1[x t� 1] each period and will allocate

this shock to either the trend Ẽt [p̄ t ] or the gap Ẽt [p̃ t ]. The proportion attributed to each

component is determined byK which represents the unconditional composition of the trend

and gap shocks in realized in�ation rate.

If the forecasters adopt this process to form expectations, a one-unit trend shock (s̄p wp̄ ,t =

1) and a one-unit gap shock (̃sp wp̃ ,t = 1) lead to the same amount of perceived shock

St � H1AẼt� 1[x t� 1] and also the same updatingK(St � H1AẼt� 1[x t� 1]). Forecasters always
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believe the perceived shock is an average of trend and gap shocks no matter what is the

true shock type. This is due to the fact that forecasters do not observe whether a shock

is trend or gap and this behavior is the �best" from an unconditional sense. On the con-

trary, if forecasters observe the trend and gap components separately, they can do updating

conditional on the type of the shock and do not need to rely on this averaging behavior. If

I, as an econometrician, can observe the type of shocks, I can tell whether the forecasters

have this averaging behavior or not through their belief updating. This implies the testable

hypothesis below.

Suppose there is only one shock on each timet and we observe its type (trend or gap), we

can run a modi�ed version of the forecast error on forecast revision regression at aggregate

level:

p t� 1,t+ 3 � Ẽt [p t� 1,t+ 3] = const.+ ( b + b21t,trend)( Ẽt [p t� 1,t+ 3] � Ẽt� 1[p t� 1,t+ 3]) + et+ 3

(A.7)

where1t,trend = 1 if the true shock on time t is a trend shockwp̄ and = 0 if it is a gap shock

wp̃ . If the agents do not observe the type and use average updating,b   0 and b2 ¡ 0 even

without any non-FIRE mechanisms. This is because when the true shock is a gap shock,

agents still attribute part of it to the trend component and believe it persists into the future.

This leads to an over-reaction to this shock and thusb   0. Similarly, when the true shock

is a trend shock, agents attribute part of it to the gap component and believe it mean reverts

across time. This leads to an under-reaction to this shock and thusb + b2 ¡ 0 ñ b2 ¡ 0.

On the contrary, if agents observe the type of shock, the value ofb's are only determined

by non-FIRE mechanisms. Given the positive coe�cients estimated in 2.1, we should have

b ¡ 0 and b + b2 ¡ 0. Hence, using the value ofb, we can di�erentiate the two learning

behaviors, unobserved or observed trend and gap.

Unfortunately, I do not observe the type of the shock. Nevertheless, I still have ex-post

information whether the shock on datet is more likely a trend or a gap shock. There were

three recession periods classi�ed by NBER within the 1983-2019 sample I used. They are

1990:Q3-1991:Q1, 2001:Q1-2001:Q4, and 2007:Q4-2009:Q2. CPI in�ation �uctuated a lot

during the recession periods but these large shocks disappear soon after the recessions. Thus,
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it is reasonable to believe these shocks are all gap shocks. Based on this observation, I make

the following assumption:

Assumption 1. Shocks in the three NBER recession periods in the 1983 to 2019 sample were gap

shocks.

I then re-formulate the regression into:

p t� 1,t+ 3 � Ẽt [p t� 1,t+ 3] = const.+ ( b + b21t,norec)( Ẽt [p t� 1,t+ 3] � Ẽt� 1[p t� 1,t+ 3]) + et+ 3

(A.8)

where 1t,norec = 1 if a period is not recession and1t,norec = 0 if is in a recession. Now,b

re�ects the coe�cient for gap shock period which is   0 if unobserved learning and¡ 0 if

observed learning.

p t� 1,t+ 3 � Ẽt [p t� 1,t+ 3] = const.+ ( � 0.329���
[2.53]

+ 0.223
[1.07]

1t,norec)( Ẽt [p t� 1,t+ 3] � Ẽt� 1[p t� 1,t+ 3]) + et+ 3

(A.9)

A.5 State-space representation

I elaborate on the state-space representation I used to estimate di�erent mechanisms

based on survey expectations in Section 2.5.4. All mechanisms considered in this paper are

based on the Bayesian updating process and thus follow some modi�cation of the following

transition:

x t = Ax t� 1 + Q! t

Ẽ�
t [x t ] = A � Ẽ�

t� 1[x t� 1] + K�(Hx t � HA � Ẽ�
t� 1[x t� 1]) (A.10)

For example, under extrapolation,A � = Ã and K� = KEX in the main context. Hence, de�ne

Ft =
�

x t

Ẽ�
t [x t ]

�
as the latent state vector, we have:

Ft =
�

A 0
( I � K� H )A � K� HA �

�
Ft� 1 +

�
K� HQ �

Q

�
! t (A.11)

Observation equations are:
�

p t� 1,t
pEt [p t+ h� 1m,t+ h+ 1� 1m]

�
=

�
H 0
0 HA � h+ 2

3

�
Ft + et , (A.12)

114



where et is the vector of measurement errors which are assumed to be i.i.d. across obser-

vations and time. Also, I assume there is not measurement error for the realized in�ation

and the measurement error volatility for h ¡ 0 survey data are the same. Hence, there

are two volatilities govern the measurement error of the nowcast (h = 0) and forecasts

(h ¡ 0). Diagnostic expectation relies on a benchmark expectation which are the expec-

tations formed without diagnostic expectation as well. So, when estimating models with

diagnostic expectation, I further include the benchmark expectations in the latent states.

A.6 Non-FIRE models structural estimation

This section explains the details of the structural estimation in Section 2.5.4. Equations

(2.7), (2.9), (2.11), (2.12), and (2.14) delineate the consensus expectation formation under

various expectation models. At this consensus level, I have access to the signalSt , which

represents the realized in�ation rate devoid of noise. Thus, the remaining task involves

aligning the in�ation rate release date with the survey date to accurately mirror the infor-

mation available to survey forecasters at the time of expectation formulation. Subsequently,

relying on the objective dynamics determined by parametersA and Q, one can estimate the

parameters intrinsic to each expectation model through the consensus survey datapEt [�], for

instance, s# in the case of the noisy signal model.

The CPI in�ation rate is released monthly, generally unveiling one month's in�ation data

in the second week of the subsequent month. The SPF survey, as noted in the documentation,

ordinarily takes place between the second and third week of the middle month of a quarter,

thereby rationalizing the assumption that forecasters are cognizant of the in�ation rate

from the �rst month of each quarter when formulating their predictions. Adhering to this

timing convention, I consider the end of the �rst month of every quarter as quarter t.

Hence, the perceived signalSt is represented byp t� 1,t � signifying the in�ation trajectory

from the initiation of the second month of the prior quarter to the conclusion of the �rst

month of the current one. The survey expectations, denoted aspEt [�], align with the present

quarter SPF survey predictions, paving the way for a state-space model in which the latent

states incorporate both the subjective expectationsẼ�
t [x t ] and their objective counterparts
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x t . Their state-transition follows the expectation formation and the objective dynamics,

respectively. The observational equation encompasses both the realized in�ation rate and

the survey forecasts ranging from nowcast (h = 0) to four quarters ahead (h = 4). A

comprehensive delineation of this system is presented in Section A.5. The estimation process

is done with the Kalman Filter plus Maximum Likelihood Estimation. Realized in�ation rate

is assumed to have no measurement error. Therefore, the log-likelihood of the estimation

captures the average �t of each expectational model to the survey data of all horizons

included.

A.7 Microfoundation of the long-run bias

This section provides a microfoundation of the long-run bias mechanism proposed in

Section 2.5.3. Given the nature of the confusion between short-run shocks (#̃p ,t) and long-

run shocks (̄#p ,t), agents face model uncertainty regarding the composition of the in�ation

shocks, i.e.,s̄p and s̃p . Agents treat this model uncertainty as a Knightian uncertainty,

therefore, instead of using point estimates of the volatility parameters to form forecasts,

they consider the worst-case model. I want to show that long-run bias (a ¡ 1) is the

implication of such a worst-case model. The idea is similar to Bidder and Dew-Becker,

2016.

Assume agents have Epstein-Zin preferences over real consumptionct . Denoting g as

the relative risk aversion coe�cient and d as the discount parameter. For simplicity, assume

the unit elasticity of intertemporal substitution (EIS = 1). Then, the lifetime utility, v, is:

v(Dct ) = ( 1 � d)ct +
d

1 � g
log Ẽt [exp((1 � g)v(Dct+ 1))] . (A.13)

Further assume real consumption growth is determined by in�ation rate, Dct = ap t . The

derivation below does not rely on the speci�c sign or magnitude ofa, and thus for simplicity,

assumea = � 1. Also, real consumption growth can also have other components besides the

in�ation rate. We can further write:

Dct+ 1 = � p̄ t+ 1 � p̃ t+ 1 (A.14)

Thus, to evaluate the lifetime utility in A.13, agents need to form expectations ofẼt [Dct+ 1],

which depends on the model parameters̄sp and s̃p . Assume the agents have a perfect belief
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of the other model parameters and also assume they can perfectly measures̄p and s̃p , that

is, their points estimates are identical to the actual values. A model can be su�ciently

de�ned as t a|0 ¤ a ¤
b

s̄2
p + s̃2

p
s̄2

p
u.

Under ambiguity aversion, agents solve the penalized minimization problem:

aw = arg min
a

t Ẽ[v(Dct )|a] + l l (a, 1)u

arg min
a

t
d

1 � d
1 � g

2
[(

1
1 � d

)2a2s̄2
p + (

1
1 � r̃d

)2b(a)2s̃2
p ] + l l (a, 1)u, (A.15)

where l ¡ 0 and l (a, 1) is a relative entropy or other distance measures penalizing the

deviation of aw from 1. Recall that a2s̄2
p + b(a)2s̃2

p = s̄2
p + s̃2

p .

Without going into the detailed derivation, one can see that, if g ¡ 1 (preference for

early resolution) and Bl (a,1)
Ba |a= 1 = 0 and B2l (a,1)

B2a ¡ 0, @a, we will have aw ¡ 1. Intuitively,

when agents have a preference for early resolution, trend shock is more harmful than the

same amount of gap shock. Thus, agents robustly overweight the trend shock when facing

model uncertainty regarding these two shocks. This leads to the reduced-form long-run bias.

A.8 In�ation expectation and yield forecast overreaction

In this section, I examine the omitted variable bias and endogeneity explanations for the

long-term yield forecast overreaction in Section 3.2.1.

A.8.1 Omitted variables

Cieslak, 2018 demonstrates that short-horizon (1- to 4-quarter ahead) federal funds rate

forecasts are non-FIRE and can be explained by forecasters incorrectly reacting to several

real-activity measures. Inspired by this, I further control for several real-activity measures

including the annual change in the unemployment rate, the Chicago Fed National Activity

Index, and the annual change in the natural rate of unemployment. The change in the

natural rate of unemployment is intended to capture shifts in long-term growth expectations.

Moreover, I also control for 3-quarter-ahead forecast revisions of the federal funds rates based

on the survey data. Columns (3), (6), and (9) of Table 3.1 report the estimation ofby
n and

bCPI
n with these controls for 1y-, 5y-, and 30y-bonds. While these controls capture some of
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the predictability, the in�ation forecast revision term remains signi�cantly negative, and the

yield forecast revision term is still not signi�cant for all maturities.

A.8.2 Endogeneity

Forecasters may use yield information to form in�ation expectation, thus, regression

(3.6) might be subject to endogeneity which will undermine the causal argument I want.

To ameliorate this concern, I use several exogenous structural shocks identi�ed from the

literature as instrument variables. I include the orthogonal monetary policy shock from

M. D. Bauer and Swanson, 2023 and oil demand and supply shocks from Baumeister and

Hamilton, 2019.

Table A.2 reports the instrumented version of regression (3.6). The conclusion is un-

changed that long-term yield over-reaction is due to in�ation forecast revision. The sig-

ni�cance of the negative � CPI
n is more obviously increasing across yield maturities. This

increasing signi�cance is also consistent with that short-horizon in�ation forecasts being

under-reacted but long-horizon forecasts being over-reacted.

Table A.2. Instrumented yield forecast error on forecast revision regression. The table reports the instru-
mented version of regression (3.6) for yield maturities of 1, 2, 5, 10, and 30 year. The sample period is 1988-2019
at quarterly frequency with several quarters of missing data. HAC robust t-statistic is reported in brackets,
and *, **, *** denote the estimate is signi�cantly different from 0 at 10%, 5%, 1% signi�cance levels, respec-
tively.

1y yield 2y yield 5y yield 10y yield 30y yield

� y
n 0.532*** 0.349*** 0.136 -0.077 -0.0276

(6.03) (4.67) (0.87) (-0.70) (-0.30)

� CPI
n -0.602 -0.736* -1.267* -0.843** -1.186***

(-1.28) (-1.66) (-1.95) (-2.46) (-4.41)

Observations 110 110 110 110 110

R2 0.087 0.065 0.057 0.079 0.139

A.9 Af�ne term structure model

This section provides detailed description and derivation of the term structure model in

Section 3.2.2.

Denote F̃t the subjective factors used by agents to price the bonds. The subjective belief
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of the dynamics of F̃t is as follows:
2

6
6
6
6
6
6
4

Ẽt [p̄ t ]
Ẽt [p̃ t ]
gt � ḡ

gt� 1 � ḡ
i t � ī

ft

3

7
7
7
7
7
7
5

l jh n

F̃t

=

2

6
6
6
6
6
6
4

1 0 0 0 0 0
0 r 0 0 0 0
0 0 r g,1 r g,2 0 0
0 0 1 0 0 0

(1 � r i )dp (1 � r i )dp r p (1 � r i )dgr g,1 (1 � r i )dgr g,2 r i 0
0 0 0 0 0 r f

3

7
7
7
7
7
7
5

l jh n

F

F̃t� 1

+

2

6
6
6
6
6
6
4

as̄p 0 0 0 0
0 bs̃p 0 0 0
0 0 sg 0 0
0 0 0 0 0

(1 � r i )dp as̄p (1 � r i )dp bs̃p (1 � r i )dgsg sm 0
0 0 0 0 s f

3

7
7
7
7
7
7
5

l jh n

Sw

2

6
6
6
6
4

wp̄ ,t
wp̃ ,t
wg,t
wm,t
w f ,t

3

7
7
7
7
5

l jh n
! t

, (A.16)

The nominal log stochastic discount factor (SDF) is assumed to be:

mt+ 1 = � i t �
1
2

L 1
tL t � L 1

t ! t+ 1,

where,L t = l 0 + L 1
rFt , l 0 = [ l p̄ ,0, l p̃ ,0, l g,0, l m,0, 0]1and L 1 =

�
0 0 0 0 0

l p̄ ,1 l p̃ ,1 l g,1 0 0

� 1

.

Denote the equilibrium price of an n-period zero-coupon bond asP(n)
t . Conjecture that

P(n)
t = exp(An + B1

n F̃t ). Under equilibrium,

P(n)
t = Ẽt [exp(mt+ 1)P(n� 1)

t+ 1 ]

Plug in the conjecture for P(n)
t and P(n� 1)

t+ 1 and using the property of log-normal distribution,

we have:

Bn = ( F � L 1)1Bn� 1 � d1 (A.17)

where d1 = [ 0, 0, 0, 0, 1, 0]1 and the initial condition is B1 = � d1. Then, the continuously

compounded yield of an n-period zero-coupon bond could be represented asy(n)
t = � 1

n An �

1
n Bn F̃t . Note that I do not explicitly solve and estimate L 0 and An since my focus is on the

dynamics instead of the level. Moreover, these level parameters are computationally hard

to estimate. Instead, I estimate on demeaned yield data and given that I include four yields

and I have four free parameters inL 0, this treatment should be equivalent to estimating

these parameters on raw data.
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From the econometrician's perspective, the subjective beliefs are not evolving according

to the objective dynamics as in (A.16). Instead, they should follow:

2

6
6
6
4

I2� 2 0 2� 2 0 2� 2 0 2� 1 0 2� 1
0 2� 2 I2� 2 0 2� 2 0 2� 1 0 2� 1
0 2� 2 0 2� 2 I2� 2 0 2� 1 0 2� 1

(1 � r i )dp [1, 1] 0 1� 2 (1 � r i )dg[1, 0] 1 0
0 1� 2 0 1� 2 0 1� 2 0 1

3

7
7
7
5

l jh n

G

2

6
6
6
4

x t
Ẽt [x t ]

g t
i t � ī

ft

3

7
7
7
5

l jh n

Ft

=

2

6
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4
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KLBHY ( I � KLBH )Y 0 2� 2 0 2� 1 0 2� 1
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0 1� 2 0 1� 2 0 1� 2 r i 0
0 1� 2 0 1� 2 0 1� 2 0 r f
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7
7
7
5
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2
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4
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0 2� 2

�
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�
0 2� 1 0 2� 2

0 1� 2 0 sm 0
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7
7
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l jh n
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! t (A.18)

The observables included in the estimation are[p t , gt , i t , pEt [p t+ h], y(n)
t ]. The observation

equation is:
2

6
6
6
6
6
4

p t

gt

i t
pEt [p t+ h]

y(n)
t

3

7
7
7
7
7
5

=

2

6
6
6
6
4

1 1 0 0 0 0 0 0
0 0 0 0 1 0 0 0
0 0 0 0 0 0 1 0
0 0 [1, 1]Yh 0 0 0 0
0 0 � 1

n B1
n

3

7
7
7
7
5

Ft + � t (A.19)

where � t is the vector of measurement errors.

A.10 Non-FIRE induced excess returns predictability

This section analyzes the impact of non-FIRE in�ation expectation on bond return

predictability. Denoting an n-year maturity bond's realized one-year excess return asrx (n)
t+ 1:

rx (n)
t+ 1 = log(P(n� 1)

t+ 1 ) � log(P(n)
t ) � y(1)

t = � (n � 1)y(n� 1)
t+ 1 + ny(n)

t � y(1)
t (A.20)

Plugging in the yield decomposition (3.3):

rx (n)
t+ 1 = � ( i t+ 1 � Ẽt [i t+ 1])

l jh n

Forecast error

�
n� 2¸

j= 1

(Ẽt+ 1[i t+ 1+ j ] � Ẽt [i t+ 1+ j ])
l jh n

Forecast revision

+ rp(n)
tl jh n

Term premium

(A.21)

When the expectation Ẽt [�] is the same as the econometrician's expectationEt [�], which is

FIRE, the �rst two terms should not be predictable from econometrician's perspective:

Et [� ( i t+ 1 � Et [i t+ 1]) �
n� 2¸

j= 1

(Et+ 1[i t+ 1+ j ] � Et [i t+ 1+ j ])] = 06. (A.22)
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Hence, the only predictability comes from the time-varying risk premium component. Cies-

lak, 2018 documents large predictable short-rate forecast errors that violate this condition.

Other papers also emphasize the important role of excess return predictability from non-

FIRE expectation formation in various asset classes. Nevertheless, the relative importance of

biased belief and time-varying risk premium in the predictability is not clear and how much

the existence of non-FIRE in�ation expectations a�ect our traditional statistical measures

of risk premium.

Given the limited horizon of survey data, the forecast revision term in (A.21) is not

observed from the data. However, the term-structure model estimated allows an in-model

analysis. Figure A.8 plots the decomposition of predictability in terms of R2 using simulated

data from the model estimation. Speci�cally, I simulate 10,000 sample series of data with

each 150-quarter of data to re�ect the sample period I use. I then run the regression (A.21)

for the 10y bond on each trial and report the mean R2 in Figure A.8 by classifying the �rst

two terms in (A.21) as the expectation hypothesis7. Simulation of the model estimation

implies that the non-FIRE in�ation expectation accounts for an important part (around 1/3)

of the total predictability, though the predictability decreases slightly across maturities.

A.11 Additional tables and �gures

Table A.3. In-sample RMSE of in�ation prediction of different dynamics. The table reports the full-sample
in-sample RMSE of in�ation prediction of different dynamics described in Section 2.4.1. Sample period is 1983
to 2019. Forecast horizons are from 1-quarter to 4-quarter ahead. RMSE's are normalized by setting the RMSE
of the Trend-AR model to 1. RMSE smaller than one is emphasized in bold font. *, **, *** denote one-sided
10%, 5%, and 1% signi�cance levels that the RMSE of a model is larger or smaller than one, respectively. The
signi�cance is based on Diebold and Mariano, 2002.

Horizon h=1 h=2 h=3 h=4

RW 1.292*** 1.452*** 1.413*** 1.498***

RW-AO 1.170*** 1.167*** 1.137*** 1.148***

AR(4) 1.036 1.051* 1.052* 1.066***

ARMA(1,1) 1.063*** 1.071*** 1.067*** 1.080***

UNSV 0.994 0.982 1.006 1.040

7 By assumption, risk premium factor ft is independent from expectation hypothesis terms. Thus the R2 of
each individual term should sum up to the total R2 when regressing on both terms.
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Table A.4. Autocorrelation coef�cients of BC survey in�ation forecasts. The table reports the estimation
of the coef�cients in regression (2.5) and (2.6). The regressions are estimated on CPI in�ation forecasts of
Blue Chip and the sample period is 1983-2019. Middle month of each quarter Blue Chip forecasts are used
to estimate bh. Monthly forecast revisions are used to estimate gh. The last two rows report results when
excluding recession periods classi�ed by NBER. Each column corresponds to one speci�c horizon h and the
last row reports the difference between h = 4 and h = 1. Newey-West standard errors of the estimated
coef�cients are reported in parenthesis. The difference follows a c2 distribution whose statistic is reported
in square brackets, and *, **, *** denote the difference is larger than 0 at 10%, 5%, 1% signi�cance levels,
respectively.

Horizon h=1 h=2 h=3 h=4 4-1

gh 0.241 0.239 0.383 0.686 0.445***

(0.035) (0.071) (0.091) (0.052) [51.161]

bh 0.927 0.945 0.964 0.969 0.042**

(0.026) (0.023) (0.017) (0.018) [4.261]

gh (exclude recessions) 0.161 0.302 0.391 0.712 0.551***

(0.032) (0.130) (0.101) (0.052) [93.917]

bh (exclude recessions) 0.950 0.941 0.966 0.967 0.017**

(0.020) (0.024) (0.018) (0.019) [3.079]

Table A.5. In-sample RMSE of �tting SPF survey in�ation forecasts. The table reports the in-sample RMSE
of each in�ation expectation formation model to the survey data at different horizons from nowcast ( h = 0) to
4qtr ahead (h = 4). The RMSE of the FIRE model is normalized to 1.

h = 0 h = 1 h = 2 h = 3 h = 4

FIRE (econometrician benchmark) 1.000 1.000 1.000 1.000 1.000

Noisy signal 0.718 0.975 1.023 1.024 1.021

Noisy signal + Long-run bias 0.692 0.929 0.970 0.992 1.014

Noisy signal + Diagnostic expectation (Any q) +
0.689 0.925 0.969 0.991 1.017

Over-extrapolation (Any r̂ ) + Long-run bias

Table A.6. Benchmark term structure model estimation. The table reports the estimation of the benchmark
af�ne term-structure model with noisy signal plus long-run bias as the in�ation expectation model. Estima-
tion is based on 1983-2019 quarterly data of in�ation, real GDP growth, 3m-Tbill rate, SPF survey in�ation
expectation (nowcast to 4qtr ahead), and zero-coupon nominal bond yield of 3y, 5y, 7y, and 10y.

Parameter Value Parameter Value

r̃ 0.6355 r g,1 0.9831

r g,2 -0.0983 r i 0.8803

r f 0.9898 sp̄ 0.0930

sp̃ 1.1761 sg 0.5662

sm 0.4339 s f 0.0069

sNS 2.2771 a 2.6709

dg 1.9314 dp 1.5657

l p̄ ,1 -0.4469 l p̃ ,1 -9.7008

l g,1 -2.9426
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A. SPF 2010-2019 B. BC 1983-2019 C. BC 2010-2019

FIGURE A.1. Under-/Over-reaction across horizons. The �gure reports the same sets of forecast error on
forecast revision regression coef�cients across horizons as in Figure 2.1 but on different samples. Panel A
reports the coef�cients from SPF survey of 2010-2019 sample period. Panel B reports the coef�cients from BC
survey of 1983-2019 sample period. Panel C reports the 2010-2019 sample from BC. Due to the longer horizon
availability in the recent period of BC, h = 4 is also reported in the 2010-2019 BC sample. Red triangles denote
consensus forecasts and blue diamonds denote individual forecasts. Spikes denote 90% con�dence intervals.

A. Core CPI (SPF) 2007-2019 B. PCE (SPF) 2007-2019 C. PGDP (SPF) 1969-2019

FIGURE A.2. Under-/Over-reaction across horizons. The �gure reports the same sets of forecast error on
forecast revision regression coef�cients across horizons as in Figure 2.1 but on different in�ation measures.
Panel A uses core CPI from SPF and Panel B uses PCE from SPF. Both variables are available since 2007. Panel
C uses GDP de�ation (PGDP) from SPF with availability 1969-2019. Red triangles denote consensus forecasts
and blue diamonds denote individual forecasts. Spikes denote 90% con�dence intervals.
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FIGURE A.3. Illustration of noisy signal under different DGP. The �gure illustrates that interpretation of the
magnitude of the forecast error on forecast revision regression coef�cient relies on data generating process.
Consider only the individual noisy signal expectation formation model, blue line shows the model implied
regression coef�cients across horizons under AR(1), which is a constant. Under the Trend-Gap dynamics in
Section 2.4, red line shows that the model is able to generate different magnitude of coef�cients across forecast
horizons.
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FIGURE A.4. Alternative calibration of mechanisms. The �gure provides an alternative calibration of Figure
2.2. The calibration of all models are done by targeting only on two moments, the consensus and individual
regression moments at h = 3.
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FIGURE A.5. Delayed overshooting. The �gure replicates the delayed over-shooting documented in Angele-
tos et al., 2021. Panel A reports the regression coef�cient bk and the 90% con�dence interval in (A.1). The
in�ation shock is using the monetary policy shock identi�ed in Cieslak and Pang, 2021. Panel B reports the
model implied regression coef�cients bk of the noisy signal plus long-run bias model estimated in Table 2.3.

FIGURE A.6. Yield forecast error on forecast revision regression (model-based simulation). The �gure
plots the model implied yield forecast error on forecast revision regression coef�cients. The estimation uses
simulated data from the model estimation in Table A.6. Red triangles denote the � y

n coef�cients of regression
(3.1), while blue triangles denote the � y

n coef�cients of regression (3.6) while controlling for in�ation forecast
revision.
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FIGURE A.7. Effect of long-run bias on risk premium identi�cation. The �gure illustrates the effect of long-
run bias on the identi�cation of risk premium series. The risk premium is measured as the expected 1y excess
return of a 10y bond. The black line plots the benchmark series, which is the benchmark estimation with the
long-run bias parameter a = 2.67. The red dashed line and the blue dash-doted line plot the series when
setting a = 2 and a = 1, respectively.

FIGURE A.8. Decomposition of bond excess return predictability The �gure reports the model-implied R2

decomposition of bond excess return predictability of bond maturities from 1y to 10y. I simulate data accord-
ing to the term-structure model estimated in Table A.6 and run predictive regression using the simulated data.
The black dotted line denotes the over-all R2 from the predictive regression while red dotted line denotes the
component from time-varying risk premium and the blue dotted line denotes the component from non-FIRE
in�ation expectation.
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Appendix B. Appendix to Chapter 3
B.1 Summary of identi�cation restrictions

This appendix summarizes our identi�cation restrictions. We impose the following re-

strictions, all on the contemporaneous impact ofwt shocks on innovations in asset prices: (i)

sign restrictionsthat determine the direction in which a shock moves yields and stocks; (ii)

between-asset restrictionsthat determine the relative e�ect of shock w i on di�erent elements

of Y; and (iii) within-asset restrictionsthat determine the relative importance of di�erent

shocks for a given elementY j .

Using the + / � signs to denote the direction of an impact of a positive shock (w i ¡ 0),

we assume that

Ã =

0

B
B
B
B
@

A (2)
g A (2)

m A (2)
p+ A (2)

p�

A (5)
g A (5)

m A (5)
p+ A (5)

p�

A (10)
g A (10)

m A (10)
p+ A (10)

p�

As
g As

m As
p+ As

p�

1

C
C
C
C
A

0

B
B
@

sg 0 0 0
0 sm 0 0
0 0 sp+ 0
0 0 0 sp�

1

C
C
A =

0

B
B
@

+ + � +
+ + � +
+ + � +
+ � � �

1

C
C
A .

(B.1)

Superscripts (2), (5), and (10) refer to yield maturity, superscript s refers to the stock

market response, and subscripts label the shocks. Growthwg and the hedging premium

wp+ shocks move stocks and yields in the same direction (�rst and third column ofÃ),

whereas monetarywm and common premiumwp� shocks move stocks and yields in opposite

directions (second and fourth column ofÃ). It is clear that sign restrictions themselves do

not allow to distinguish wg from wp+ and wm from wp� . This separation is achieved by

imposing additional conditions on how shocks propagate along the maturity dimension of

the yield curve.

The between-asset restrictions involve yields at di�erent maturities and are imposed

on elements of a columnj of Ã, Ã(:, j). Given that s's are all strictly positive, imposing

between-asset restrictions onÃ is equivalent to imposing them onA. Growth and monetary

shocks,wg and wm, drive the short end of the yield curve more than the long end of the

yield curve, while the opposite holds for the risk-premium shocks,wp+ and wp� . For the

monetary shock, we haveA (2)
m ¡ A (5)

m ¡ A (10)
m . For the risk-premium shocks, we �ip the

128



inequality sign. For growth shocks, we require thatA (2)
g ¡ A (10)

g and A (5)
g ¡ A (10)

g , but we

do not constrain the relationship betweenA (2)
g and A (5)

g based on the evidence that growth

news can exert a non-monotonic e�ect at short and intermediate maturities.

The within-asset restrictions constrain the relative contributions of di�erent shocks to

conditional volatilities of yields. These are constraints on the elements of a given rowi

of Ã, Ã( i , :). Speci�cally, we assume that the conditional variance of the ten-year yield

is to a larger extent determined by the risk-premium shocks than it is by shocks to short-

rate expectations�growth and monetary shocks�and conversely for the two-year yield, i.e.,

(A(2)
m sm)2+( A(2)

g sg)2

(A(2)
p+ sp+ )2+( A(2)

p� sp� )2
¡ 1 for the two year yield and

(A(10)
m sm)2+( A(10)

g sg)2

(A(10)
p+ sp+ )2+( A(10)

p� sp� )2
  1 for the ten-year

yield. Those restrictions are consistent with the evidence on the properties of interest rate

volatility (e.g., Cieslak & Povala, 2016).

A concise list of all restrictions is below.

Sign restrictions:

We impose 16 sign restrictions on each of the 16 entries ofA.
0

B
B
B
B
@

A (2)
g ¡ 0 A (2)

m ¡ 0 A (2)
p+ ¤ 0 A (2)

p� ¡ 0

A (5)
g ¡ 0 A (5)

m ¡ 0 A (5)
p+ ¤ 0 A (5)

p� ¡ 0

A (10)
g ¡ 0 A (10)

m ¡ 0 A (10)
p+ ¤ 0 A (10)

p� ¡ 0
As

g ¡ 0 As
m ¤ 0 As

p+ ¤ 0 As
p� ¤ 0

1

C
C
C
C
A

(B.2)

Between-asset restrictions:

Growth shock: |A (2)
g | ¡ | A (10)

g | and |A (5)
g | ¡ | A (10)

g |,

Monetary policy shock: |A (2)
m | ¡ | A (5)

m | ¡ | A (10)
m |,

Hedging risk premium shock:|A (2)
p+ |   | A (5)

p+ |   | A (10)
p+ |,

Common risk premium shock: |A (2)
p� |   | A (5)

p� |   | A (10)
p� |.

Within-asset restrictions:

Two-year yield: (A (2)
m sm)2 + ( A (2)

g sg)2 ¡ (A (2)
p+ sp+ )2 + ( A (2)

p� sp� )2

Ten-year yield: (A (10)
m sm)2 + ( A (10)

g sg)2   (A (10)
p+ sp+ )2 + ( A (10)

p� sp� )2
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B.2 Stability of the structural relations and time-varying volatility

This appendix discusses the implications of time-varying volatility of structural shocks for

our identi�cation. Figure B.7 presents shocks estimated over the 1983�2017 versus di�erent

subsamples, showing that they are highly correlated. The goal of this appendix is to provide

additional interpretation of these results.

Suppose that the true structural model is

Yt+ 1 = m+ YYt + AStwt+ 1, (B.3)

where A is the true contemporaneous structural response matrix,St is the conditional

volatility of structural shocks at time t (diagonal matrix with s i
t on the diagonal), andwt are

iid shocks with Var(wt ) = I . The reduced-form innovations in asset prices areut = AStwt .

We want to assess the e�ect of applying our identi�cation that assumes constant volatility,

when the true model is(B.3). Intuitively, the shocks we recover (denotedw̃t below) are not

iid but have time-varying volatility.

For illustration, we consider a simple example with two regimes forSt , but the intuition

extends to more general dynamics ofSt . Assume the full sample hasN observations, with

St = S1 for the �rst N1 observation (subsample 1,t P t1, ...,N1u), and St = S2 for the next

N2 observations (subsample 2,t P tN1 + 1, ...,Nu), where N1 + N2 = N. We observe the

reduced-form innovations in asset pricesut . If we know the true value of ASt , we can back

out the structural shocks aswt = ( ASt ) � 1ut . With two volatility regimes, wt = ( AS1) � 1ut

for 1 ¤ t ¤ N1 and wt = ( AS2) � 1ut for N1 + 1 ¤ t ¤ N.

Let us now consider what happens if we recover shocks using a constant covariance

matrix of reduced-form innovations ut calculated over the full sample. The reduced-form

covariance matrix of innovations in subsamplei is Wi = ASiS1
i A

1, i P t1, 2u. Thus, the

variance-covariance matrix of reduced-form shocks computed over the full sample isW =

N1
N W1 + N2

N W2 = A( N1
N S1S1

1 + N2
N S2S1

2)A1 and we de�ne

SS1 =
N1

N
S1S1

1 +
N2

N
S2S1

2. (B.4)

SS1 can be viewed as the weighted average of the true conditional variances of structural

shocks, with W = ASS1A1. Thus, by imposing a constant conditional volatility, we recover
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w̃t = ( AS) � 1ut for 1 ¤ t ¤ N with sample variance ofw̃t normalized to unity yVar(w̃t ) = I .

The relationship betweenw̃t shocks and the truewt is

w̃t = S� 1S1wt for 1 ¤ t ¤ N1, (B.5)

w̃t = S� 1S2wt for N1 + 1 ¤ t ¤ N. (B.6)

Let us also de�ne

D i = S� 1Si , i = t 1, 2u (B.7)

to be a diagonal scaling matrix and note that

Wi = ASiS
1
i A

1 = ASD i D
1
i S

1A1. (B.8)

This implies that in a given subsample,w̃t will not have a unit variance. For example, if the

conditional volatility associated with s-th shock is higher in subsample 1 than in subsample

2 (ss
1 ¡ ss

2), then w̃s
t = ss

1
ss ws

t for 1 ¤ t ¤ N1, ss
1

ss ¡ 1, and hence the variance ofw̃s
t will be

above unity in subsample 1 and below unity in subsample 2. This is the intuition behind

results in Figure B.7, where the shocks estimated over subsample are close to but not exactly

on the 45-degree line.1

The above analysis indicates that, under the assumption that matrix A is constant

(i.e., structural relations in the economy do not change over time), we are able to recover

structural shocks up to the scaling by their time-varying volatilities. As such, the historical

decompositions of yield changes and stock returns in equation(4.10)will correctly describe

the contributions of structural shocks given that ASJssw̃t = ASi Jsswt for shocks indexed by

s and a subsamplei = t 1, 2u.

One implication of the setting in equation (B.3) is that the only way the covariance of

stocks and yields can move around over time is due to time-varying volatilities of struc-

tural shocks. To understand if this is plausible empirically, we analyze if the constantA

assumption is consistent with the switching sign of the stock-yield covariances we observe em-

pirically. We treat the 1983�1997 period as subsample 1 and 1998�2017 period as subsample

2. In practice, we do not observe the true value ofASt , but rather we use the median-target

1 We note that regressions in Figure B.7 do not impose that A is constant in subsamples and equal to the full
sample estimates.
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(MT) solution over the full 1983�2017 sample as point estimate ofÃ = AS. Let us de-

note the full-sample MT solution as x̃A. We estimate reduced-form variance-covariances of

innovations from VAR(1) residuals over the two subsamples,pW1, pW2. Then, we search for

empirical analogs of the diagonal scaling matricespD1 and pD2 de�ned in equation (B.7) by

minimizing pD i = argmin
D i

||
pWi �

x̃AD i D1
i
x̃A1

pWi
||, where pD i is a diagonal matrix and where we keep

x̃A constant at the full-sample value. The norm|| � || is a 2-norm of matrix (approximately

the maximum singular value of a matrix),2 and the fraction denotes element-wise division,

which serves to standardize the di�erences across elements ofpWi . Note that, if we replace

all the hat terms with their true value, the norm should be equal to 0.

The di�erence betweenD1 and D2 describes how the volatility of structural shocks varies

across the two subsamples. For 1983�1997 and 1998�2017 samples, respectively, we have

pD1 =

0

B
B
@

0.93 0 0 0
0 1.16 0 0
0 0 0.66 0
0 0 0 1.18

1

C
C
A , pD2 =

0

B
B
@

1.05 0 0 0
0 0.84 0 0
0 0 1.17 0
0 0 0 0.81

1

C
C
A

where the diagonal elements are ordered to correspond towg, wm, wp+ , wp� shocks. We

can now compare the reduced-form covariances that are consistent with the constantA

assumption (at the full-sample MT solution) with unconstrained equivalents pWi in each

subsamplei:

pW1 =

0

B
B
@

0.004 0.004 0.003 � 0.012
0.004 0.004 0.004 � 0.019
0.003 0.004 0.004 � 0.022

� 0.012 � 0.019 � 0.022 0.894

1

C
C
A , x̃A pD1

pD1
x̃A1 =

0

B
B
@

0.003 0.003 0.003 � 0.012
0.003 0.004 0.004 � 0.016
0.003 0.004 0.004 � 0.021

� 0.012 � 0.016 � 0.021 1.103

1

C
C
A

pW2 =

0

B
B
@

0.003 0.003 0.002 0.020
0.003 0.004 0.003 0.024
0.002 0.003 0.004 0.023
0.020 0.024 0.023 1.455

1

C
C
A , x̃A pD2 pD2

x̃A1 =

0

B
B
@

0.003 0.003 0.003 0.020
0.003 0.004 0.003 0.023
0.003 0.003 0.004 0.023
0.020 0.023 0.023 1.226

1

C
C
A

Recall that both wp+ and wg (wm and wp� ) shocks move yields and stocks in the same

(opposite) direction. We see that the time-varying volatility of structural shocks alone

can generate a switching sign of the stock-yield covariances. In particular, the switch from

2 The 2-norm of an m� m matrix M is de�ned by max ~v� ~0
|| M~v|| 2
||~v|| 2

, where ~v is a non-zero m-dimensional vector.
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negative to positive stock-yield covariance in the late 1990s is due to the increase in volatility

of the hedging premium shockswp+ and decrease in the volatility of the common premium

shockswp� ; this e�ect is ampli�ed by the increased volatility of growth news wg and decline

in volatility of monetary news wm.

B.3 Cross-maturity restrictions
B.3.1 Two-factor term structure example

To illustrate our restrictions across yield maturities, we consider a simple a�ne yield-

curve model with two state variables: the short rate i t and the price-of-risk (pure risk-

premium) factor xt . Each state variable follows an AR(1) process:

i t+ 1 = mi + f i i t + si#
i
t+ 1 (B.9)

xt+ 1 = mx + f xxt + sx#x
t+ 1, (B.10)

where
�

#i
t+ 1

#x
t+ 1

�
� N (0, I2� 2). We assume that#i

t+ 1 shocks are priced and investors require a

time-varying risk premium for exposure to #i
t+ 1 that varies with xt . Thus, the log stochastic

discount factor (SDF) has the form

xt+ 1 = ln M t+ 1 = � i t �
1
2

(
l x

sx
)2x2

t �
l x

sx
xt#i

t+ 1. (B.11)

In this setting, risk premia in yields for all maturities move only with xt . The one-period

yield is y(1)
t = i t . Using standard arguments, yields are a�ne in the state variables:

y(n)
t = bn + Bi

ni t + Bx
nxt , (B.12)

and shocks to yields are

y(n)
t+ 1 � Et (y(n)

t+ 1) = Bi
nsi#

i
t+ 1 + Bx

nsx#x
t+ 1. (B.13)
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The e�ect of shocks to the state variables across yield maturities is determined by theBn

loadings, which solve the standard recursive equations (see also Appendix B.6):

Bi
n =

1
n

1 � f n
i

1 � f i
(B.14)

Bx
n =

n � 1
n

f xBx
n� 1 �

n � 1
n

Bi
n� 1l x (B.15)

= �
l x

n(1 � f i )

n� 1¸

j= 1

(1 � f n� j
i )f j� 1

x (B.16)

= �
l x

n(1 � f i )
(
1 � f n� 1

x

1 � f x
�

n� 1¸

j= 1

f n� j
i f j� 1

x ) (B.17)

with initial conditions Bi
1 = 1 and Bx

1 = 0.

If 0   r i   1, the loadings of yields oni t decline with maturity, Bi
n � Bi

n� 1   0, as a

consequence of the mean reversion ini t . Appendix B.3.2 extends this result to a multivariate

case.

The e�ect of xt across maturities is more complex because it depends on the persistence

of both state variables. In general, the e�ect of risk premium shocksxt on yields can be

non-monotonic (hump-shaped) across maturities. However, we argue that for empirically

meaningful levels of persistence of shocks to the short rate and the risk premia (f i and f x

in the example above) and for the range of maturities we are interest in (up to ten years),

the e�ect of risk-premium shocks increases with maturity. To inspect how the loadings on

xt change with maturity, consider

Bx
n � Bx

n� 1 = (
n � 1

n
f x � 1)Bx

n� 1
l jh n

1st term

�
n � 1

n
Bi

n� 1l x
l jh n

2nd term

. (B.18)

Let us assume that l x   0, so that Bx
n ¡ 0.3 The second term on the right-hand side of

equation (B.18)is positive and drives the increasing impact of the price-of-risk factorxt with

maturity. The strength of that increase is dictated by the persistence of the short ratei t ,

3 This assumption is without loss of generality because l x does not change the monotonicity pattern of the
Bx

n loadings (see equation (B.17)).
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which is the source of priced shocks in the yield curve. Intuitively, investors holding long-

term bonds face more exposure to short-rate shocks if those shocks are more persistent (the

higher f i ). As such, the impact of the time-varying risk-premium xt for bearing persistent

exposure to short-rate shocks increases with yield maturity. However, the �rst term on the

right-hand side of (B.18) is negative, thus counteracting the second term. The �rst term

becomes more negative the lower the persistence of the price-of-risk factorxt : If the price

of risk shocks are highly transitory, then their e�ect will start dying out as the maturity

lengthens. Overall, the increasing e�ect of the risk-premium factor across maturities is more

pronounced if shocks that are priced (short-rate shocks) as well as shocks that drive the risk

premium are both relatively persistent.

As an illustration, Figure B.1 displays Bx
n loadings as a function of maturity for di�erent

combinations of AR(1) coe�cients f x and f i , which are expressed in annual terms. For

reference, the thick black line in each graph indicates loadings obtained for parameters

calibrated in the data: f i = 0.93 and f x = 0.45. Over the 1983�2017 sample, the AR(1)

coe�cient for the one-year Treasury yield is 0.994 at a monthly frequency, and hencef i =

0.93(= ( 0.994)12) at an annual frequency. We calibrate the persistence of the risk-premium

factor, f x = 0.45(= ( 0.935)12), using the monthly estimates of the time-varying bond

risk premium from Cieslak and Povala (2015).4 For the graph, we assumel x = � 0.5

(this parameter does not impact the monotonic pattern of loadings across maturities). The

persistence parameters calibrated using the time-series data could be thought as providing

a lower bound on the persistence actually perceived by investors, given the evidence on

sluggish short-rate expectations updating in the literature (Brooks et al., 2018; Cieslak,

2018, e.g., ).

Figure B.1 shows that the impact of the price-of-risk factorxt generally increases steeply

between maturities of two and �ve years and then �attens out. If short-rate shocks are

relatively transitory, xt can have a declining e�ect on yields starting from intermediate

maturities. However, as we argue in the body of the paper, models estimated in the literature

4 Alternatively, the Cochrane and Piazzesi (2005) factor implies an annual persistence of 0.43 over the same
period.
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strongly suggest that the risk-premium e�ect increases for maturities up to at least ten years,

which is consistent with our simple calibration and relatively persistent shocks to short-rate

expectations. It is also worth noting that this result does not require an extreme persistence

of the risk-premium itself.

FIGURE B.1. Example: Bx
n loadings in a simple two-factor af�ne model. The �gure presents loadings of

yields on the market-price-of-risk factor xt in a two-factor af�ne model. Parameter f i and f x are expressed in
annual terms. The thick black lines indicate loadings for persistence parameters calibrated in the data.

B.3.2 Effect of short-rate shocks on long-term yields under the expec-
tations hypothesis

In this appendix, we discuss how state variables driving the short rate a�ect longer

maturity yields in a multivariate case. We consider a pure expectations hypothesis (EH)

case. Under the EH, the long-term yield is the average of expected future short rates:

y(n),EH
t =

1
n

Et

 
n� 1¸

i= 0

y(1)
t+ i

!

. (B.19)

In a�ne dynamic term structure models, the short rate is y(1)
t = g0 + g1X t , where X t are

the state variables. It is common to specifyX t as a VAR(1) process with a mean reversion

matrix F (omitting constants for simplicity):

X t = F X t� 1 + et . (B.20)

Then, under the EH, the long-term yield is

y(n),EH
t = const.+

1
n

g1( I � F ) � 1( I � F n)X t . (B.21)
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Suppose all eigenvalues ofF are distinct,5 then F = CL C� 1, L is the diagonal matrix

of eigenvalues with elementsl i , l j � l i , C is the matrix of associated eigenvectors. Let

Zt = C� 1X t , then

Zt = L Zt� 1 + C� 1et . (B.22)

The short rate is y(1)
t = g1X t = g1CZt , and the long-term rate is

y(n),EH
t � const. = g1(

1
n

( I � F ) � 1( I � F n)) X t = g1(
1
n

n� 1¸

i= 0

F i )X t = (B.23)

g1(
1
n

n� 1¸

i= 0

CL iC� 1)CZt = g1C(
1
n

n� 1¸

i= 0

L i )Zt = g1CL̃ Zt (B.24)

where L̃ is diagonal with element i given by l̃ i = 1
n

1� l n
i

1� l i
, l̃ i   1 if l i   1. So asn increases

the impact of the short rate shocks will be dampened as long as elements ofL̃ are less then

unity, |l i |   1, analogous to the univariate AR(1) case.

B.4 Regressions of stock returns and yield changes on macroe-
conomic expectations survey updates

To further motivate the restrictions on growth shocks, we provide evidence based on

updates of expectations about the real GDP (RGDP) growth from the Blue Chip Economic

Indicators (BCEI) survey. The survey is available at a monthly frequency. Survey updates

proxy for innovations in forecasters' beliefs about economic growth (e.g., Romer & Romer,

2004). While survey updates do not represent structural shocks in the sense of Section 4.2.1,

they should be highly correlated with growth news we aim to identify.

We de�ne the forecast update at horizon h as the revision in forecasts between two

consecutive surveys (in montht � 1 and t) for the same future calendar quarter, Updtt (Zh) =

Ft (Zh) � Ft� 1(Zh), where Ft (Zh) denotes forecast formed in montht, and h denotes forecast

horizon (in quarters) relative the forecast month t (making sure that forecasts att and t � 1

refer to the same quarter). Given available data, we can construct updates from the current

quarter (h = 0q) up to three quarters ahead (h = 3q). For example, an update observed in

5 One can relax the assumption that all eigenvalues are distinct (thus F is not necessarily diagonalizable).
The only assumption needed for this case is that all eigenvalues are less than unity in norm |l |   1. The proof
is available upon request.
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January 2000 (time t) for the current quarter ( h = 0q), Updt t (g0), is the change between

the January 2000 and December 1999 survey forecast of what the real GDP growth rate will

be in the �rst quarter of 2000.

In Table B.1, we regress monthly S&P 500 index returns and zero-coupon yield changes

over the 1983�2017 sample on contemporaneous real GDP growth forecast updates, control-

ling for simultaneous updates of CPI in�ation forecasts. We use nominal zero-coupon yields

from R. S. Gürkaynak et al. (2007) and returns on the S&P 500 index from WRDS. The

sample covers the 1983�2017 period, also used to produce the main results in the paper.6

Since survey forecasts are available for di�erent horizons, a question arises about which

horizon is appropriate. In general, we �nd that the explanatory power of real GDP forecast

updates for stock returns and yield changes is stronger at shorter horizons. In�ation forecast

updates, instead, have more explanatory power at longer horizons for yields and are generally

insigni�cant at any horizon for stocks. Thus, in regressions in Table B.1, we use the next

quarter horizon (h = 1q) for the real GDP growth forecast update and three quarters ahead

horizon (h = 3q) for the CPI in�ation forecast update. The horizon of the real GDP growth

forecast update is chosen based on Bayesian information criterion (BIC) for the stock return

regression, and the horizon of the CPI forecast is chosen based on the average BIC across

yield maturities. The loadings of yields on the real GDP growth update have a similar

monotonic pattern across maturities when we use the current quarter forecast (nowcast,

h = 0q), and become generally insigni�cant at longer horizons.

Table B.1 shows that for stock returns (column (1)) the coe�cient on the real GDP

update is positive, implying that a 1% per annum upward revision of growth expected next

quarter is associated with 5.8% higher stock returns in a given month (t = 3.6). For yields, a

1% growth update raises the two-year yield (column (3)) by 25 bps (t = 4) and the ten-year

yield by only 7 bps (t = 1), with the di�erence between the coe�cients signi�cant at the

1% level (column (8)). Hence, the declining e�ect of growth news across yield maturities is

clearly visible. Expected in�ation shocks do not have a signi�cant contemporaneous e�ect on

stocks, while their e�ect on the yield curve is �at across maturities, in line with the literature

6 Section 4.3.1 describes our data sources in more detail.
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(Kozicki and Tinsley (2001), Rudebusch and Wu (2008), Cieslak and Povala (2015)).

Table B.1. Effects of macroeconomic expectations updates on stock market returns and yield changes. The
table presents regressions of monthly stock returns (column(1)) and yield changes (columns (2)–(7)) on up-
dates to private sector expectations of real GDP growth and CPI in�ation. Updates are in annualized percent-
age points. Column (8) tests the difference between the coef�cients in columns (3) and (7), by regressing the
changes in the spread between the two- and ten-year yield on the expectations updates. The horizon for the
forecast updates is chosen based on Bayesian information criterion as described in the text. Dependent and
explanatory variables are in percentages. Regressions are estimated with a constant, which is not displayed in
the table. The sample period is 1983–2017. Robustt-statistics are reported in parentheses. ��� / �� / � denotes
signi�cance at 1%/5%/10% level.

(1) (2) (3) (4) (5) (6) (7) (8)

Dst Dy(1)
t Dy(2)

t Dy(3)
t Dy(5)

t Dy(7)
t Dy(10)

t D(y(2) � y(10) )

RGDP updt h = 1q 5.81*** 0.25*** 0.24*** 0.22*** 0.18*** 0.13** 0.072 0.17***
(3.61) (3.94) (3.99) (3.83) (2.96) (1.97) (1.02) (2.82)

CPI updt h = 3q 0.084 0.59*** 0.66*** 0.66*** 0.64*** 0.62*** 0.58*** 0.073
(0.03) (2.99) (3.29) (3.31) (3.21) (3.09) (2.94) (0.64)

R2 0.12 0.12 0.11 0.094 0.073 0.057 0.044 0.062
N 420 420 420 420 420 420 420 420

B.5 Link between w shocks, in�ation expectations, and nominal-
real yield spread

In this section, we provide additional analysis of the link between the identi�edw shocks,

expected in�ation, and the spread between nominal and real yields. We draw on evidence

from survey expectations of in�ation, TIPS, and in�ation swaps.

B.5.1 Conceptual framework

To �x notation, we denote nominal yields with y(n)
t and real yields with y(n),r

t :

y(n)
t =

1
n

n� 1¸

i= 0

Et (y(1)
t+ i ) + y (n)

t , (B.25)

y(n),r
t =

1
n

n� 1¸

i= 0

Et (y(1),r
t+ i ) + y (n),r

t , (B.26)

where y (n)
t and y (n),r

t denote the nominal and real term premium, respectively. The spread

between nominal and real yields, the breakeven in�ation rate (BEI), is

b(n)
t = y(n)

t � y(n),r
t =

1
n

n¸

i= 1

Et (p t+ i ) + ( y (n)
t � y (n),r

t ). (B.27)
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The �rst term on the right hand side of (B.27) is the average expected in�ation over the life

of the bond, and the second term is the di�erence in risk premium between nominal and

real yields. To clarify how equation (B.27) relates to the shocks we identify, two points are

worth highlighting.

First, b(n)
t spread (B.27) can re�ect both real and nominal factors, depending on the

cyclical properties of in�ation. In a model that allows growth expectations to feedback onto

expected in�ation (e.g., higher growth predicts higher in�ation as when the economy is driven

by demand shocks), both real and nominal shocks to the state variables will be re�ected in

the b(n)
t spread. In the illustrative model presented in Appendix B.6.4, if expected growth

impacts expected in�ation positively ( f t g ¡ 0), then the spread b(n)
t will increase upon

growth news and decline upon hedging premium news. Speci�cally,Bb(n)
t

Bwg ¡ 0 due to the

procylical expected in�ation channel and Bb(n)
t

Bwp+   0 due to the risk premium channel. The

latter sign arises because, with procylical in�ation, nominal bonds are even better hedges of

growth risks than are real bonds.

Second, an important consideration is that exogenous expected in�ation shocks could

confound our empirical identi�cation of monetary news. In Section 4.6.3 of the paper, we

discuss conditions under which such situation can occur (see also Appendix B.6 for extensions

of the model presented in the paper). The basic intuition is that, with the Taylor principle

satis�ed (as is realistically the case over the sample we study), both expected in�ation shocks

and monetary shocks generate the same directional responses of stocks and nominal yields,

and both have a diminishing e�ect across yield maturities. By studying how BEI rates

respond tow shocks, we can assess how large such confounding e�ects are. This is because,

under realistic parameter con�guration discussed in Appendix B.6.4, BEI should responds

negatively to monetary news Bb(n)
t

Bwm   0 (if monetary tightening leads to a downgrade of

growth expectations) and positively to expected in�ation news, Bb(n)
t

Bw t ¡ 0. Below, we assess

whether this is empirically the case.
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B.5.2 Empirical analysis

To cast light on how w shocks in our decomposition are related to expected in�ation and

BEI rates, we use TIPS, in�ation swap rates, as well as survey expectations of in�ation.

One complication in using TIPS yields is that they contain an illiquidity premium relative

to nominal Treasuries:

y(n),TIPS
t = y(n),r

t + L(n)
t , (B.28)

BEI(n)
t = y(n)

t � y(n),TIPS
t = b(n)

t � L(n)
t . (B.29)

L(n)
t captures the illiquidity of TIPS yields relative to nominal Treasury yields. The L(n)

t

component could be correlated with the hedging (�ight-to-safety) premium, in addition to

any e�ect of the hedging premium present in theb(n)
t spread (via the procyclical in�ation

channel). As a proxy for illiquidity L(n)
t , we therefore use the spread between BEI and

in�ation swap rates for the corresponding maturity, L(n)
t � BEI(n)

t � IS(n)
t , where IS(n)

t is

the rate on the zero-coupon in�ation swap with maturity n. The BEI-IS spread should

mainly capture the TIPS liquidity premium as the in�ation swap market is relatively liquid

(Andreasen et al., 2021; Fleckenstein et al., 2014; C. E. P�ueger & Viceira, 2016). BEI rates

are available starting from January 20037 and IS rates from July 2004.

We �rst summarize empirical properties of in�ation expectations and BEI rates, showing

that the variation in BEIs is to a large degree driven by factors other than expected in�ation

news. We then link these quantities to the identi�ed w shocks.

B.5.2.1 Empirical properties of BEI rates and expected in�ation

Figure B.2 presents the time series of 10-year BEI and IS rates (Panel A) and their spread

(Panel B) as a proxy for liquidity premium in TIPS, L(n)
t . As reported by Fleckenstein et al.

(2014), the BEI-IS spread can be large and widens during the global �nancial crisis.

Several facts are worth highlighting:

1. BEI and IS rate changes are strongly positively correlated with stock returns.

7 We construct the BEI rates from GSW zero-coupon nominal and TIPS yield datasets. TIPS zero-coupon
yields are available from 1999. However, extensive literature, including GSW, documents signi�cant liquidity
issues before 2003. The yield curve construction before 2003 relies on a limited number of bonds.
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A. BEI and IS 10y B. BEI-IS 10y spread

FIGURE B.2. BEI and in�ation swap rates. The �gure uses within month averaged values of daily 10-year
breakeven in�ation rates (BEI) and in�ation swap rates (IS).

Table B.2 reports regressions of daily changes in BEI rates, IS rates, and BEI-IS

spreads on contemporaneous daily stock returns. The strong positive relationship is

present over the entire sample and when we exclude the global �nancial crisis (from

July 2008 through May 2009), for both BEI and IS rates. Using BEI-IS spreads as

a proxy for Lt , columns (5) and (6) show that the stock market loadings on BEI

are not di�erent from those for IS. This suggests that the comovement between the

stock returns and BEI changes is not driven by the relative illiquidity of TIPS. Below,

we provide evidence that the comovement is consistent with the procyclical in�ation

mechanism highlighted in Section B.5.1.

2. Expected real growth has explanatory power for the BEI.

Table B.3 presents regressions of changes in 5- and 10-year BEI on updates in in�ation

and real growth expectations from the Blue Chip Economic Indicators (BCEI) survey.

We use updates for three quarters ahead because this is the longest horizon for which we

can obtain consistent monthly time series for the post-2003 sample over which BEIs

are available.8 The regressions indicate that changes in BEI are positively related

with updates to real growth expectations when controlling for in�ation expectations

updates, and the result holds when we exclude the �nancial crisis years. Including

in�ation updates in the regressions allows us to control for other determinants of

expected in�ation than growth. The positive loading of BEI on the growth update is

8 As we show in Figure B.3 Panel A, beyond very short forecast horizons, the term structure of expected
in�ation is �at, and thus the three-quarter ahead forecast should be highly correlated with long-term expected
in�ation embedded in the 5- and 10-year BEI.
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Table B.2. Regressions of daily changes in BEI and in�ation swap rates on daily stock returns. The table
presents regressions of daily BEI and IS rate changes for maturities of 5 and 10 years on contemporaneous
stock returns. The last two columns report results for the changes in the spread between BEI and IS changes
as a proxy for relative illiquidity of TIPS. BEI rates are available from January 2003 and IS rates from July 2004,
both ending in December 2017. Panel B excludes the volatile period of the global �nancial crisis (GFC) from
July 2008 through May 2009. Regression coef�cients are standardized. HAC t-statistics with 22 daily lags are
reported in parentheses to account for persistence in BEI residuals.

Panel A. All years

(1) (2) (3) (4) (5) (6)
DBEI5y DBEI10y DIS5y DIS10y DBEI-IS5y DBEI-IS10y

Dst 0.288*** 0.311*** 0.250*** 0.218*** -0.017 0.013
(10.19) (9.12) (6.33) (7.59) (-0.43) (0.53)

R2 0.083 0.097 0.062 0.048 0.00028 0.00018
N (days) 3783 3783 3393 3393 3393 3393

Panel B. Excluding GFC

(1) (2) (3) (4) (5) (6)
DBEI5y DBEI10y DIS5y DIS10y DBEI-IS5y DBEI-IS10y

Dst 0.289*** 0.333*** 0.269*** 0.303*** -0.021 0.028
(9.45) (10.23) (9.06) (9.69) (-0.90) (1.37)

R2 0.084 0.11 0.072 0.092 0.00042 0.00076
N (days) 3553 3553 3163 3163 3163 3163

Table B.3. Regressions of BEI rate changes on in�ation and real GDP growth updates. The table reports
regressions of monthly changes in BEI rates on updates in in�ation and real GRP forecasts in the BCEI survey.
Panel A covers the 2003–2017 sample, panel B excludes the GFC period from July 2008 through May 2009.
Regression coef�cients are standardized. Robust t-statistics are in parentheses (using HAC t-statistics does
not materially change the results).

A. All years B. Excl. GFC

(1) (2) (3) (4)
DBEI5y DBEI10y DBEI5y DBEI10y

Updt t (DCPI3) 0.034 0.027 0.130* 0.174**
(0.25) (0.19) (1.78) (2.42)

Updt t (DRGDP3) 0.505*** 0.380*** 0.299*** 0.281***
(2.79) (4.24) (4.28) (3.99)

R2 0.26 0.15 0.11 0.11
N (months) 179 179 168 168

consistent with procyclicality of in�ation in the post-2003 period.

3. Most of the variance in BEI rates comes from factors other than expected in�ation.

Figure B.3, Panel A, show the dynamics of survey in�ation forecasts at di�erent hori-

zons (current quarter, one, three, and four quarters ahead, and 10 years ahead). The

median forecast of the 10-year-ahead annual average in�ation is from the Survey of

Professional Forecasters (SPF). The shorter-horizon forecasts are from the Blue Chip
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A. Expected in�ation at different horizons B. BEI and 10y expected in�.

FIGURE B.3. Expected in�ation and BEI. Panel A plots survey forecasts of in�ation at different horizons.
Forecasts up to four quarters ahead (4q) are from the BCEI survey. They are annualized percent changes in
CPI from the previous quarter. The long term forecast is from the Survey of Professional Forecasters (SPF),
which is the forecast of the average in�ation over the next 10 years. Panel B superimposes the SPF forecast
against the 10-year BEI rate.

Economic Indicators (BCEI) survey. The graph shows that very short-term in�ation

expectations are highly volatile (which is primarily due to the food and energy prices),

but the volatility declines rapidly with the forecast horizon. Forecasts at four quarters

ahead and ten years ahead are nearly overlapping indicating that the term structure

of expected in�ation is approximately �at at horizons beyond a very short range. Fig-

ure B.3 Panel B superimposes the dynamics of in�ation expectations with the 10-year

BEI: in�ation expectations account for a relatively small portion of the overall BEI

variance. This suggests that most of the variance in BEI stems from the risk premium

component.

B.5.2.2 Linking BEI changes to w shocks

We now turn to connecting the variation in BEI rates to w shocks. We study whether

the signs of the loadings are consistent with the intuition we lay out in Section B.5.1, in

particular with the procylical expected in�ation channel. The predictions of how BEI rates

should load on identi�ed w shocks are discussed in the model illustration in Appendix B.6.4.

In Table B.4, we regress changes in the 5- and 10-year BEI rates on the identi�ed shocks.

We perform the analysis using all days (Panel A), all days excluding the �nancial crisis (Panel

B), as well as only scheduled FOMC days (Panel C).

Focusing on Panels A and B of Table B.4, the positive loadings of BEI changes on growth

news aligns with the procyclical in�ation expectations whereby higher expected growth leads
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to higher expected in�ation. These estimates support the results in Figure 4.7 Panel B of

the paper showing that forecasters revise in�ation expectations upward with growth news

wg.

The estimates also con�rm that variation in BEI is signi�cantly related to the risk

premium shocks (as suggested by Figure B.3 Panel B). The negative sign of loadings on

the hedging premium shockswp+ arises when procyclical in�ation channel makes nominal

bonds even more valuable in terms of hedging real growth risk than real bonds. The positive

loading on the common premium shockwp� indicates that nominal bonds are more exposed

than real bonds to variation to the nominal risk premium (as is the case when common

premium drives compensation for both expected in�ation shocks and monetary shocks).

The economic signi�cance of the common premium shocks, however, is about half of that

of the hedging premium, in line with the increased importance of the hedging premium in

recent decades.

Relative to other shocks, monetary shockswm are least signi�cant both in statistical and

economic terms. Of note is the positive sign of the loadings. Appendix B.6.4 shows that

BEI should be negatively exposed to monetary shocks if monetary policy tightening leads to

lower growth expectations. We have argued that such a feedback e�ect is likely to be weak

over our sample (e.g., M. D. Bauer and Swanson (2023)). The positive sign of the loadings

in Table B.4 could instead indicate that the identi�ed wm shocks combine true monetary

shocks with exogenous expected in�ation shocks, a possibility we entertain in Section B.5.1.

However, given that the positive estimate is marginally signi�cant and much smaller than in

case of other shocks, such confounding e�ect is unlikely to dominate our identi�cation. The

coe�cient is to a large extent driven by the �nancial crisis period. In particular, during the

�nancial crisis, the Fed's aggressive interest rate cuts coincided with falling in�ation, thus

inducing a positive comovement of BEI and monetary news in that episode.

The loadings of BEI changes onw shocks also help clarify the sources of the strong pos-

itive comovement between BEI changes and stock returns in Table B.2. Our decomposition

attributes the positive comovement to the hedging premium shockswp+ (given that a posi-

tive wp+ shock lowers both stock returns and BEIs). This result is related to C. P�ueger and
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Rinaldi (2022) who highlight the role of risk premium in generating the positive relationship

between stock returns and BEI changes on FOMC days. To connect their �nding to our

decomposition more directly, in Panel C of Table B.4, we regress changes in BEI rates on

our identi�ed shocks using only scheduled FOMC days. The hedging premium newswp+ is

the only signi�cant shock for BEI changes on FOMC days.

The regressions of BEIs on identi�ed shocks also agree with the �ndings of Hanson

and Stein (2015) and Nakamura and Steinsson (2018) that BEI rates do not respond in a

signi�cant way to narrow-window monetary policy surprises. To summarize the results in

this literature, Panel D of Table B.4 shows that BEI changes are not signi�cantly related to

either target or path surprises identi�ed by GSS/Swanson. From Table 4.2 in the paper, we

know, in turn, that neither target nor path shocks are signi�cantly related to the hedging

premium news.9 As such, the signi�cance of hedging premium news in Panel C does not

contradict the results in the earlier literature.

In summary, the results based on BEI regressions provide further support for the analysis

in Section 4.6.1 of the paper that tie identi�ed shocks to survey expectations of in�ation and

real GDP growth. The positive loading of BEI changes on growth newswg and the negative

loading on the hedging premium newswp+ are consistent with procyclical in�ation during

a large part of the sample period we analyze. The results also suggest that any potential

confounding e�ect of exogenous expected in�ation news is unlikely to signi�cantly a�ect our

identi�cation (and economic interpretation) of w shocks.

B.6 Model illustration

This appendix provides the details on the a�ne model presented in Section 4.6.3. We

discuss di�erent parameter settings, how they a�ect the solutions, and what they imply for

the identi�cation restrictions we impose.

9 In Table 4.2 in the main text, we show that target surprise is related to monetary news, while path shocks
are a linear combination of monetary, growth and common premium news, but are not signi�cantly related to
the hedging premium news.
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Table B.4. Regressions of daily changes in BEI rates on daily w shocks. Regression coef�cients are standard-
ized. The sample starts in 2003 when TIPS data becomes available. In Panels HACt-statistics with 22 lags are
reported in parentheses to account for any autocorrelation in the daily BEI residuals. Robust t-statistics are
reported in panel D.

All days

A. All years B. Excl. GFC

(1) (2) (3) (4)
DBEI5y DBEI10y DBEI5y DBEI10y

wg 0.285*** 0.151*** 0.269*** 0.148***
(9.99) (6.18) (10.74) (6.52)

wm 0.073*** 0.056** 0.048** 0.027
(2.60) (1.98) (2.23) (1.38)

wp+ -0.268*** -0.444*** -0.289*** -0.446***
(-8.34) (-14.40) (-11.12) (-17.36)

wp� 0.125*** 0.237*** 0.176*** 0.278***
(3.63) (7.85) (7.28) (11.83)

R2 0.19 0.30 0.23 0.35
N (days) 3783 3783 3553 3553

Scheduled FOMC days

C. Identi�ed shocks D. GSS shocks

(1) (2) (3) (4)
DBEI5y DBEI10y DBEI5y DBEI10y

wg 0.041 -0.065
(0.31) (-0.46)

wm -0.081 -0.135
(-0.60) (-1.17)

wp+ -0.203** -0.351***
(-2.01) (-3.42)

wp� -0.185 0.004
(-1.26) (0.03)

Target -0.189 -0.196
(-1.00) (-1.11)

Path -0.060 -0.076
(-0.56) (-0.96)

R2 0.077 0.18 0.042 0.048
N (days) 120 120 103 103

The factors follow a VAR(1) process:

Ft+ 1 = mF + F FFt + SFwt+ 1, (B.30)

where Ft = ( t t , gt , mt , x+
t , x�

t )1, wt+ 1 = ( w t
t+ 1, wg

t+ 1, wm
t+ 1, wx+

t+ 1, wx�
t+ 1)1. The nominal one-

period interest rate is

i t = d0 + dt t t + dggt + mt = d0 + d1
1Ft , (B.31)

where d1 = ( dt , dg, 1, 0, 0)1. The realized in�ation is p t+ 1 = t t + sp #p
t+ 1. The nominal log
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stochastic discount factor (SDF) has the form

xt+ 1 = ln M t+ 1 = � i t �
1
2

L 1
tL t � L 1

twt+ 1, (B.32)

where L t = S� 1
F ( l 0 + L 1Ft ), which determines the time variation in risk premia. The real

log SDF is xr
t+ 1 = xt+ 1 + p t+ 1. We use superscriptr to denote variables in real terms.

We �rst provide the general solution for yields, pd ratio and excess returns. We then

consider di�erent scenarios by imposing assumptions onF F and L 1 matrices.

B.6.1 General solution for stocks and bonds

Nominal bonds. Letting p(n)
t denote the log price of ann-period nominal bond, and

given nominal yields y(n)
t = � 1

n p(n)
t , we conjecture that both yields and bond prices are

a�ne in the state variables:

y(n)
t = bn + B1

nFt

p(n)
t = � ny(n)

t = � nbn � nB1
nFt .

(B.33)

By no-arbitrage, nominal bond prices satisfy

exp(p(n)
t ) = Et [exp(xt+ 1 + p(n� 1)

t+ 1 )]. (B.34)

We substitute the conjecture (B.33) into the pricing equation (B.34) and use the property

of log-normal distribution to write out the expectation. As the pricing equation must hold

for all values of the state variables, the nominal yield loadings on the state variables satisfy

the following recursion:

Bn =
n � 1

n
(F F � L 1)1Bn� 1 +

1
n

d1. (B.35)

Becausey(1)
t � i t , where i t = d0 + d1

1Ft , we have the initial value B1 = d1 from which we

iteratively obtain Bn for all n ¥ 2.

The one-period expected log excess return on ann-period nominal bond is:

Et (rx
(n)
t+ 1) +

1
2

Vart (rx
(n)
t+ 1) = � Covt (xt+ 1, p(n� 1)

t+ 1 � p(n)
t ) = const.� (n � 1)B1

n� 1L 1Ft . (B.36)

148



Real bonds. Letting p(n),r
t denote the log n-period real bond price. The real yield is

y(n),r
t = � 1

n p(n),r
t , which is also a�ne in the state variables:

y(n),r
t = br

n + Br1

n Ft (B.37)

with

Br
n =

(n � 1)
n

(F F � L 1)1Br
n� 1 +

1
n

(d1 � e1), (B.38)

where e1 is the �rst column of a 5 � 5 identity matrix. The initial value Br
1 = d1 � e1 =

(dt � 1,dg, 1, 0, 0)1 is pinned down by the real short rate:

y(1),r
t � i rt = � ln Et [exp(xr

t+ 1)] = i t � t t �
1
2

s2
p = const.+ Br1

1 Ft . (B.39)

Stocks. Letting Dst denote the nominal log stock return, the Campbell-Shiller log-

linearization implies

Dst+ 1 = k0 + k1pdt+ 1 + Ddt+ 1 � pdt , (B.40)

where k0 and k1 are approximating constants determined only by the averagepd ratio,

with k1 slightly below 1. We assume the nominal realized dividend growth isDdt+ 1 =

gt + sd#d
t+ 1 + p t+ 1. Stock returns in real terms are

Dsr
t+ 1 = Dst+ 1 � p t+ 1. (B.41)

We conjecture that the log pd ratio is a�ne in the state variables:

pdt = bs + B1
sFt . (B.42)

Clearly, pd ratio is the same in nominal and real terms. By no-arbitrage, stock returns

satisfy:

ln Et [exp(xt+ 1 + Dst+ 1)] = 0 (B.43)

Combining equation (B.40), (B.42), and (B.43), we obtain the solution for the pd loadings

on the state:

B1
s = ( d1

1 � q1)[k1(F F � L 1) � I ]� 1, (B.44)
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where q = ( 1, 1, 0, 0, 0)1, and I is a 5 � 5 identity matrix. Plugging this result back into

equation (B.40), we have:

Dst+ 1 = const.+ ( k1B1
sF F � B1

s + q1)Ft + k1B1
sSFwt+ 1 + sp #p

t+ 1 + sd#d
t+ 1 (B.45)

where q̃ = ( 0, 1, 0, 0, 0)1. The responses to structural shocksw are the same for nominal and

real stock returns, and determined byk1B1
sSF. Therefore, we do not di�erentiate between

the e�ect of w shocks on nominal and real stock returns in the following discussion.

The one-period expected log excess nominal stock return is:

Et (rxs
t+ 1) +

1
2

Vart (rxs
t+ 1) = � Covt (xt+ 1, Dst+ 1) = const.+ k1B1

sL 1Ft . (B.46)

Expected log excess stock returns expressed in nominal and real terms di�er only by a

constant (as � Cov(xr
t+ 1, Dsr

t+ 1) = � Cov(xt+ 1, Dst+ 1) + s2
p ). Thus, the e�ect of w shocks on

the equity risk premium is k1B1
sL 1SFwt .

B.6.2 Baseline speci�cation

Table B.5 summarizes the baseline speci�cation and the solutions we use in Section 4.6.3

to justify the sign restrictions in the empirical analysis. The speci�cation in equation (4.20)

of the paper implies that the SDF loadings matrix L 1 (equation (B.32)) has two non-zero

elementsL 1(2,4) = l gx+ and L 1(3,5) = l mx� . In practice, we identify the signs of l gx+ and

l mx� jointly with x+
t and x�

t . Therefore, we assumel gx+ ¡ 0 and l mx�   0 such that

positive shocks tox+
t and x�

t both increase the risk premiums in stocks. The state variables

associated with shockswp+
t and wp�

t in the empirical application are therefore linked to x+
t

and x�
t by p+

t = l gx+ x+
t and p�

t = l mx� x�
t .
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Table B.5. Baseline speci�cation.

F F = diag(f t ,f g,f m,f x+ ,f x� )
Model speci�cation L 1(2,4) = l gx+ ¡ 0, L 1(3,5) = l mx�   0

0   dg   1 and dt ¡ 1

Bi
n = di

n
1� f n

i
1� f i

¡ 0, i = t t , g, mu

Nominal yields loadings Bn Bx+
n = n� 1

n f x+ Bx+

n� 1 � n� 1
n Bg

n� 1l gx+   0

Bx�
n = n� 1

n f x� Bx�

n� 1 � n� 1
n Bm

n� 1l mx� ¡ 0

Bt
s = 1� dt

1� k1f t
  0

Bg
s = 1� dg

1� k1f g
¡ 0

pd ratio loadings Bs Bm
s = � 1

1� k1f m
  0

Bx+
s =

� k1l gx+ Bg
s

1� k1f x+
  0

Bx�
s =

� k1l mx� Bm
s

1� k1f x�
  0

Expected excess return on nominal bond const.� (n � 1)Bg
n� 1l gx+

l jh n

(� )

x+
t � (n � 1)Bm

n� 1l mx�
l jh n

(+)

x�
t

Expected excess return on stock const.+ k1(Bg
s l gx+

l jh n

(+)

x+
t + Bm

s l mx�
l jh n

(+)

x�
t )

The signs ofBn's given in Table B.5 are consistent with the sign restrictions we impose

on yields. Speci�cally, wg
t , wm

t and wx�

t have a positive impact while wx+

t has a negative

impact on yields at all maturities. The monotonicity restrictions also hold in this baseline

speci�cation. Bg
n and Bm

n are monotonically decreasing with maturity n since 0   f i   1,

i = g, m. The evolution of Bx+

n and Bx�

n loadings across maturities is more complex, but

as long as their respective dynamics (f coe�cients) are su�ciently persistent, the loadings

increase over the range of maturities relevant for our identi�cation (see Appendix B.3.1

for more details). The signs ofBs are consistent with the restrictions we impose on stock

returns: with a positive response of stock returns and thepd ratio to wg
t but a negative

response towm
t , wx+

t and wx�

t . It is worth noticing that with dt ¡ 1 (Taylor principle, i.e.,

the short rate responding more than one-for-one to expected in�ation) expected in�ation

shocks generate the same set of sign restrictions as monetary shocks. We return to this fact

in our subsequent discussion.

B.6.3 Counter-cyclical in�ation

The baseline case in Table B.5 assumes no feedbacks between the state variables. We

next consider the case of countercylical in�ation in which higher expected in�ation predicts
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lower expected growth. Piazzesi and Schneider (2006) and Bansal and Shaliastovich (2013a)

provide evidence consistent with this channel based on di�erent speci�cation of VAR models

estimated over long samples going back to 1960s and 1970s. Replicating the VAR evidence

using survey forecasts over our main sample (1983�2017), we do not �nd a signi�cant negative

e�ect of expected in�ation on expected growth (see Table B.7, Panel A). It is nevertheless

useful to consider how such a channel could a�ect our identi�cation.

The only change from the baseline case is that we allowF F(2,1) = f gt   0. Table B.6

shows how this assumption a�ects the coe�cients relative to the baseline case above.

Table B.6. Counter-cyclical in�ation speci�cation. We only report coef�cients that are different from the
baseline speci�cation in Table B.5.

Model speci�cation diag(F F) = ( f t , f g, f m, f x+ , f x� ) and F F(2,1) = f gt   0

Nominal yields loadings Bn Bt
n = n� 1

n f t Bt
n� 1 + n� 1

n f gt Bg
n� 1 + dt

n ¡ 0 if small |f gt |

pd ratio loadings Bs Bt
s = 1+ k1f gt Bg

s � dt
1� k1f t

  0

The negative feedback from expected in�ation to expected growth (f gt ) strengthens the

negative e�ect of expected in�ation t t on stocks (Bt
s ). With this modi�cation, the sign

of the loading on yields Bt
n could, in principle, turn negative. However, there is pervasive

evidence in the literature that expected in�ation a�ects yields positively (see also Table

B.1), implying Bt
n ¡ 0. This fact is consistent with |f gt | being small.10 Indeed, Table B.7

Panel A suggests that such a feedback e�ect is not statistically signi�cantly di�erent from

zero in the post-1983 sample. As long as the signs of the loadingsBn and Bs are unchanged,

the signs of the impacts of structural shocks on the risk premia remain the same as in the

baseline speci�cation.

B.6.4 Other channels

Finally, we consider a more comprehensive speci�cation, which captures several impor-

tant features of the post-1983 sample period. We discuss conditions under our identi�cation

10 Substituting the Bg
n from Table B.5 into the Bt

n under the counter-cyclical in�ation speci�cation, we have

Bt
n = n� 1

n f t Bt
n� 1 + 1

n f gt dg
1� f n� 1

g

1� f g
+ dt

n . Since 0  f g   1, 1
n f gt dg

1� f n� 1
g

1� f g
is negative and the absolute value is

increasing in n. On the contrary, dt
n is positive and decreasing in n. Thus, there exists an̄ such that, @n   n̄,

1
n f gt dg

1� f n� 1
g

1� f g
+ dt

n ¡ 0. This implies, Bt
n ¡ 0 at least for n   n̄. A smaller |f gt | thus leads to a larger n̄. The

speci�cation that dt ¡ 1 ¡ dg also contributes to a larger n̄.
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Table B.7. Feedbacks between in�ation and real GDP forecasts. The table presents VAR(1) estimates for
expected CPI in�ation and expected real GDP growth forecasts at different forecast horizons (between the
current quarter out to four quarters ahead). The forecasts are from the BCEI survey, expressed as annualized
percent change from the previous quarter. The sample period is 1983–2017. The data is sampled monthly.
HAC standard errors with 3 lags are reported in parentheses.

A. Dependent variable: Real GDP growth forecast Ft (DRGDPh)
h = 0q h = 1q h = 2q h = 3q h = 4q

Ft� 1(DCPIh) -0.022 -0.026 -0.018 -0.013 -0.012
(-0.74) (-1.18) (-1.20) (-1.34) (-1.22)

Ft� 1(DRGDPh) 0.91*** 0.92*** 0.93*** 0.95*** 0.95***
(21.70) (26.25) (37.88) (64.00) (50.78)

Constant 0.29* 0.27** 0.24*** 0.19*** 0.16**
(1.86) (2.28) (2.85) (3.46) (2.33)

R2 0.81 0.85 0.88 0.92 0.92
N 418 418 418 418 418

B. Dependent variable: CPI in�ation forecast Ft (DCPIh)
h = 0q h = 1q h = 2q h = 3q h = 4q

Ft� 1(DCPIh) 0.83*** 0.96*** 0.98*** 0.99*** 0.99***
(19.09) (62.27) (113.31) (137.69) (137.76)

Ft� 1(DRGDPh) 0.034 0.021 0.019* 0.014 0.018*
(0.73) (0.88) (1.75) (1.46) (1.78)

Constant 0.37** 0.049 -0.0095 -0.012 -0.029
(2.33) (0.63) (-0.24) (-0.31) (-0.73)

R2 0.71 0.94 0.98 0.99 0.99
N 418 418 418 418 418

restrictions continue to hold and argue that these conditions are satis�ed during our sample

period.

First, we set F F(1,2) = f t g ¡ 0 to capture the e�ect that higher expected growth can lead

to higher expected in�ation as when the economy is driven by demand shocks. This setting

generates procyclical in�ation which has characterized a large part of our sample period as

argued by J. Y. Campbell et al. (2017) and J. Y. Campbell et al. (2015) (see also Table B.7

Panel B). Second, we setF F(2,3) = f gm   0, which implies that a tighter monetary policy

negatively a�ects future expected growth. Finally, to allow for a time-varying in�ation risk

premium, we further assume that expected in�ation shocksw t are priced with a market

price of risk driven by the common premium factor x�
t . This assumption implies that risk

premia associated with expected in�ation shocks and monetary shocks are determined by

the same state variable, and is motivated by the fact that, under plausible parameters,t t

153



and mt generate the same sign restrictions on stocks and yields (see Table B.5). One could

interpret x�
t as the time-varying market price of risk (as a reduced-form representation of

either time-varying risk aversion or uncertainty) associated with discount rate shocks (mt)

or nominal shocks (t t). Thus, we set L 1(1,5) = l t x�   0, analogous to the market prices of

risk associated with monetary shocksl mx+ .

Table B.8 summarizes how the above assumptions alter the loadings compared to the

baseline speci�cation. Most restrictions continue to hold regardless of parameter values.

When the feedback e�ects|f t g| and |f gm| are small relative to the persistence of the respec-

tive state variables (t t and gt), the signs and the monotonicity of loadings remain the same

as in the baseline model.11

Implications for nominal-real yield spread. In Appendix B.5, we study the empirical

relationship between the nominal-real yield spread (i.e., the breakeven in�ation rate) and

w shocks. It is therefore useful to analyze within the model the impact ofw shocks on

the spread. The model counterpart of breakeven in�ation (BEI) is the spread between the

nominal yield (equation B.33) and real yield (equation B.37):

b(n)
t = y(n)

t � y(n),r
t = const.+ ( Bn � Br

n)1Ft = const.+ b1
nFt . (B.47)

The loadingsbn are reported in Table B.8. To analyze the spread at di�erent maturitiesn, we

can start with the initial value and trace out the loadings recursively. When n = 1, we have

bt
1 = 1, bg

1 = bm
1 = bx+

1 = bx�

1 = 0. BEI loads positively on expected in�ation, bt
n ¡ 0 for

all n and on expected growthbg
n ¡ 0, but negatively on monetary newsbm

n   0.12 Expected

growth predicts higher expected in�ation since f t g ¡ 0 and thus growth news a�ects BEI

positively. A positive monetary policy shock (tightening) reduces expected growth because

11 Table B.7 Panel B shows that the effect of expected growth on expected in�ation (proxy for f t g) is indeed
positive, weakly signi�cant, and economically small, relative to the persistence of expected in�ation itself.
Likewise, existing evidence also suggests that the feedback from monetary shocks onto growth expectations
(proxy for f gm) is unlikely to overturn our sign restrictions. Using several different survey measures, M. D.
Bauer and Swanson (2023) �nd that the effect of monetary policy surprises on expectations of real macro
variables is negative but statistically insigni�cant in most speci�cations. They support these �ndings with a
survey they conduct among professional economists. Our evidence in Figure 4.7 Panel A of the paper (coef-
�cients gh,m

1 , h ¡ 0) is also consistent with a negative feedback of monetary shocks on growth expectations;
however, the economic magnitude of the effect is small.

12 Becausef t g ¡ 0 and f gm   0, we have bg
n ¡ 0 for all n ¥ 2 and bm

n   0 for all n ¥ 3. Given the recursive
structure, initially, only bt

1 � 0. In the second period, bg
2 � 0 through the f t gbt

1. Next, in the third period,
bm

3 � 0 through the effect of f gmbg
2.
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f gm   0 and consequently lowers expected in�ation as well as BEI, sincef t g ¡ 0.

BEI is also a�ected by the two risk premium factors. We have bx+

n   0 for all n ¥ 2,

thus hedging premium shocks lower BEI. This is because with procyclical in�ation (f t g ¡ 0)

nominal bonds are a better hedge of growth risk relative to real bonds. The sign of the

loading on the common premiumbx�

n is indeterminate becausebt
n ¡ 0 but bm

n   0. However,

under the assumption that the feedback e�ects (|f t g| and |f gm|) are small, we would expect

|bm
n | is much smaller than|bt

n|.13 Thus, bx+

n ¡ 0 is primarily driven by bt
n ¡ 0, for the range

of maturities we focus on. This, in turn, is consistent with the notion that nominal bonds

earn a higher in�ation risk premium than real bonds.

In conclusion, BEI should load positively on growth expectationsg and the common

premium x� and negatively on monetary shocksm and the hedging premium x+ . We

analyze these predictions empirically in Appendix B.5.2.2.

Table B.8. Feedbacks between variables (procyclical in�ation case). We only report coef�cients that are
different from the baseline speci�cation in Table B.5.

Model speci�cation diag(F F) = (f t ,f g,f m,f x+ ,f x� ), F F(1,2) = f t g ¡ 0 and F F(2,3) = f gm   0
L 1(2,4) = l gx+ ¡ 0, L 1(3,5) = l mx�   0 and L 1(1,5) = l t x�   0

Bg
n = n� 1

n f gBg
n� 1 + n� 1

n f t gBt
n� 1 + 1

n dg ¡ 0
Nominal yields loadings Bn Bm

n = n� 1
n f mBm

n� 1 + n� 1
n f gmBg

n� 1 + 1
n ¡ 0 if small |f gm|

Bx�
n = n� 1

n f x� Bx�

n� 1 � n� 1
n Bt

n� 1l t x� � n� 1
n Bm

n� 1l mx� ¡ 0

Bg
s = 1+ k1f t gBt

s � dg
1� k1f g

¡ 0 if small |f t g|

pd ratio loadings Bs Bm
s = k1f gmBg

s � 1
1� k1f m

  0

Bx�
s =

� k1( l t x� Bt
s + l mx� Bm

s )
1� k1f x�

  0

Expected excess return on nominal bond const.� (n � 1)Bg
n� 1l gx+

l jh n

(� )

x+
t � (n � 1)( Bt

n� 1l t x� + Bm
n� 1l mx� )

l jh n

(+)

x�
t

Expected excess return on stock const.+ k1(Bg
s l gx+

l jh n

(+)

x+
t + ( Bt

s l t x� + Bm
s l mx� )

l jh n

(+)

x�
t )

bt
n = n� 1

n f t bt
n� 1 + 1

n ¡ 0
bg

n = n� 1
n f gbg

n� 1 + n� 1
n f t gbt

n� 1 ¡ 0
Nominal-real yield spread loadings bn bm

n = n� 1
n f mbm

n� 1 + n� 1
n f gmbg

n� 1   0

bx+
n = n� 1

n f x+ bx+

n� 1 � n� 1
n l gx+ bg

n� 1   0

bx�
n = n� 1

n f x� bx�

n� 1 � n� 1
n l t x� bt

n� 1 � n� 1
n l mx� bm

n� 1 ¡ 0 if |f gm| and |f t g| are small

13 For an intuitive illustration, we further assume f t = f g = f m. Then, the difference between bt , bg,
and bm stems only from terms 1, (n � 1)f t gbt

n� 1, and (n � 1)f gmbg
n� 1, respectively (see Table B.8). Solving

recursion for bt
n, we have bt

n = 1
n

1� f n
t

1� f t
which is decreasing in n and bt

1 = 1. Thus, when |f t g| is small,

(n � 1)f t gbt
n� 1   1 for n   n̄. This implies |bg

n|   | bt
n| ¤ 1 for the range of maturities we use in the empirical

analysis, n   n̄. Similarly, when |f gm| is small, for n   n̄, |(n � 1)f gmbg
n� 1|   1 implies |bm

n |   | bt
n|.
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B.7 Bootstrap

Inference in set-identi�ed structural VAR models is complex, especially from a frequentist

perspective. As in our setting, there are two sources of uncertainty stemming from the

estimation of the reduced-form VAR parameters and from the model multiplicity induced

by the set-identi�ed structural parameters. Faust et al., 2004 (FSW) use bootstrap-based

inference and Bonferroni inequality to combine two uncertainties into one con�dence interval

for functions of parameters (e.g., impulse response functions and variance decompositions).

Granziera et al., 2018 (GMS) provide a more general inference methodology that shares the

intuition with FSW. The idea is to �rst generate a con�dence set for structural parameters,

which are derived from the estimates of the reduced-form parameters and of their asymptotic

covariance matrix. Then, conditional on any single draw of structural parameters from

this con�dence set, one obtains bootstrap con�dence set for point-identi�ed reduced-form

parameters and thus point-identi�ed functions of interest. Finally, Bonferroni inequality is

used to combine these two sets into one con�dence interval. However, these methodologies

only apply to inference on functions of parameters but not functions of both parameters

and data. We are interested in assessing the uncertainty about the time series of structural

shocks, impulse response function based on local projections (Jordà, 2005), and historical

decomposition of observables.

Inspired by the literature above, we adopt a bootstrap-based approch that can jointly

measure the two uncertainties and applies to functions of both parameters and data. We

start by bootstrapping the reduced-form VAR model to asses the uncertainty stemming from

the estimation of reduced-form parameters. As in a standard residual-based bootstrap,

using the maximum-likelihood estimates of the VAR, we obtain the reduced-form shock

series (residuals) and draw randomly with replacement to form an arti�cial shock series

with the same length as the original one. We then construct an arti�cial yield changes

and stock returns by iterating the estimated VAR model date by date with the arti�cial

shocks and initial values equal to the data. In the next step, we apply our identi�cation

procedure on the arti�cial data to generate a set of valid structural models14 t F (L), Ã u =

14 A structural model is de�ned as t F , Au, a pair of reduced-form parameters and structural parameters.
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t F i (L), Ã i ,j , j = 1, 2, ...,Nvalidu for the bootstrap trial i, where Nvalid = 1000 is the number

of models satisfying identi�cation restrictions retained within each trial. By repeating the

bootstrap processNbs = 1000times, we obtain a pool ofNbs� Nvalid modelst F i (L), Ã i ,j , j =

1, 2, ...,Nvalidui= 1,2,...,Nbs
. The set of all structural parameters A within this pool is analogous

to the set of structural parameters derived in FSW and GMS. The di�erence is that they

draw from the analytical asymptotic distribution of reduced-form parameters, while we

bootstrap the residuals.

With the Nbs� Nvalid pool of models, using parameterst F (L), Ã u, we can compute vari-

ance ratios and assess their uncertainty. However, since models are based on bootstrapped

arti�cial data, we cannot obtain meaningful shock series and historical decompositions of

asset returns over time. Therefore, for inference on objects relying on both parameters and

data (e.g., structural shocks, historical decompositions, etc.), we adopt a modi�ed bootstrap

procedure. Instead of set-identifying structural parameters based on arti�cial reduced-form

shocks, we take the VAR parametersF i (L) from the bootstrap back to the original data

series and reconstruct the reduced-form shocks. We then apply the identi�cation procedure

on the new reduced-form shocks and obtaint Ã i ,juj= 1,2,...,Nvalid
. We can now back out the time

series of cumulative shocks ast W i ,j
t ut= 1,2,..,T. This process results inNbs � Nvalid structural

shocks series, whose distribution represents the sum of two types of uncertainty.

To illustrate estimation uncertainty alone, Figure B.4 presents the percentiles of the

median cumulative shocks (W i ,med
t = median(W i ,j

t )) acrossi at each t. That is, within each

bootstrap trial i, we take the median of shocks over allNvalid models;15 we then construct

con�dence intervals as percentiles over theNbs median cumulative shock series at eacht. The

error bands only represent the estimation uncertainty because the median of shocks in each

bootstrap trial is a point estimate and therefore does not re�ect model uncertainty stemming

from the set identi�cation. The narrow error bands shown in Figure B.4 re�ect the fact that

15 As argued above, the total uncertainty is represented by the distribution of all Nbs� Nvalid structural shocks
series. We can view this distribution as a joint distribution f (F , A) of both reduced-form and structural pa-
rameters, where f (�, �) represents the pdf. Then, to eliminate model uncertainty, we should integrate over
structural parameters. We use the median of shocks rather than shocks from the MT solution because tak-
ing median of shocks over structural parameters better represents this integral operation (MT solution is a
non-linear operator over the distribution).
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the estimation uncertainty stems primarily from the estimation of the covariance matrix of

the reduced-form shocks. Because yield changes and stock returns mean-revert quickly, the

estimation precision of the feedback parameters in the VAR does not signi�cantly a�ect the

estimation of the reduced-form shocks.

FIGURE B.4. Estimation uncertainty. The �gure presents the median, the 10th, and the 90th percentiles of the
bootstrap distribution of the median of cumulative shocks. The bootstrap procedure is explained in Appendix
B.7.

B.8 Additional tables and �gures
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Table B.9. Literature on identi�cation of monetary shocks and their effect on stocks and the yield curve. The
table summarizes the evidence on the effect of monetary policy shocks on stocks and yields. + (� ) describes
the direction of the effect, × indicates that the effect declines across the term structure.

Study Effect on stocks Effect on yields Main sample period

Monetary shocks (tightening news)

Poole et al. (2002) n/a + , × pre-1994, 1994-2002
Rigobon and Sack (2004) � + , × 1994:1-2001:11
R. Gürkaynak et al. (2005) n/a + , × 1990:1-2002:12
Bernanke and Kuttner (2005) � + , × 1989:6-2002:12
R. S. Gürkaynak et al. (2005) � + , × 1990:1-2004:12
J. R. Campbell et al. (2012) n/a + , × 1990:2-2007:6, 2007:8-2011:12
Hanson and Stein (2015) n/a + , × 1999:1-2012:2
Nakamura and Steinsson (2018) � + , × 1995-2014

Table B.10. FOMC dummy regressions. The table reports regressions of absolute values of identi�ed shocks
on the FOMC announcement day dummy for scheduled FOMC announcements. Shocks are expressed in
units of standard deviations. Regressions are estimated over the 1994–2008 sample, covering 120 scheduled
FOMC meetings. t-statistics robust to heteroscedasticity are reported in parentheses.
We consider only scheduled FOMC meetings over the 1994–2008 sample to focus on days that are less likely to
be contaminated by other types of news. Unscheduled FOMC announcements are usually interpreted as the
Fed's response to other (unexpected) news events (e.g., Bernanke & Kuttner, 2005), and thus may not re�ect
monetary news. We also omit the post-2008 period, when the Fed launched an array of unconventional policy
measures that affected asset prices through multiple channels, as we show in Section 4.4.4. The use of absolute
values (as opposed to signed shocks) serves to quantify the amountof news that comes out on FOMC days
relative to other days, not the directionof news. The only signi�cant slope coef�cient is for monetary shocks
(column (2)). The absolute magnitude of wm shocks is 36% higher (= 0.27/0.75) on FOMC days compared
to other days and the difference is strongly signi�cant ( p-value of 0.1%). The volatility of other shocks is
not signi�cantly different on FOMC days from other days. This result makes sense given that days other
than FOMC days also contain large announcements that can move risk premia and growth expectations in a
signi�cant way. Similarly, because a non-negligible portion of the Fed's communication happens outside of
regularly scheduled FOMC meetings (and thus affects the regression intercept), the coef�cient in column (2)
is a conservative measure of the amount of monetary news on FOMC days.

(1) (2) (3) (4)

|wg| |wm | |wp+ | |wp� |

FOMC day dummy 0.057 0.27*** -0.033 0.049
(0.85) (3.33) (-0.73) (0.82)

Constant 0.71*** 0.75*** 0.69*** 0.67***
(58.61) (60.79) (60.90) (64.58)

N (days) 3784 3784 3784 3784
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Table B.11. Correlations of aggregated model-based shocks. The table displays correlations of monthly and
quarterly sums of daily shocks from the model. The model is estimated at the daily frequency over the 1983–
2017 sample. Daily shocks are uncorrelated by construction. Correlation p-values are in parentheses.

A. Monthly frequency ( N = 420)

Variables wg wm wp+ wp�

wg 1.00

wm 0.13 1.00
(0.01)

wp+ 0.03 -0.14 1.00
(0.57) (0.00)

wp� -0.03 -0.07 -0.07 1.00
(0.49) (0.14) (0.15)

B. Quarterly frequency ( N = 139)

Variables wg wm wp+ wp�

wg 1.00

wm 0.25 1.00
(0.00)

wp+ -0.23 -0.17 1.00
(0.01) (0.05)

wp� -0.10 -0.24 -0.05 1.00
(0.26) (0.00) (0.53)
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Table B.12. Correlations of innovations to measures of bond and equity risk premium. The table presents
correlations of innovations to alternative measures of bond and equity risk premium from Cieslak and Povala
(2015,xc f) , Cochrane and Piazzesi (2005, CP), Kelly and Pruitt (2013, KP), Martin (2017, EP), and Lettau and
Ludvigson (2001, CAY). The innovations are obtained as residuals from an AR(p) process, with the number of
lags selected using BIC. The p-values are included in parentheses. For each pair of variables, we also report
the number of observations involved in the calculation. Since CAY is available at the quarterly frequency, its
correlations with all other variables are reported separately in Panel B. Expect for forward equity premia (EP),
the sample starts in 1983. The end of the sample depends on the data availability as reported in Table 4.3 in
the main text.

A. Monthly frequency

Variables xc f CP KP EP 0-1m EP 1-2m EP 2-3m EP 4-6m EP 7-12m

xc f 1.00

CP 0.69 1.00
(0.00)
419

KP 0.02 -0.05 1.00
(0.76) (0.41)
335 335

EP 0-1m -0.12 0.05 0.17 1.00
(0.10) (0.53) (0.02)
190 190 177

EP 1-2m -0.18 -0.00 0.18 0.91 1.00
(0.01) (0.95) (0.02) (0.00)
190 190 177 190

EP 2-3m -0.25 -0.07 0.11 0.56 0.78 1.00
(0.00) (0.33) (0.16) (0.00) (0.00)
192 192 179 190 190

EP 4-6m -0.20 -0.03 0.11 0.75 0.84 0.79 1.00
(0.01) (0.64) (0.14) (0.00) (0.00) (0.00)
192 192 179 190 190 192

EP 7-12m -0.09 0.05 0.08 0.57 0.62 0.50 0.59 1.00
(0.23) (0.48) (0.27) (0.00) (0.00) (0.00) (0.00)
192 192 179 190 190 192 192

B. Quarterly frequency

Variables xc f CP KP EP 0-1m EP 1-2m EP 2-3m EP 4-6m EP 7-12m CAY

CAY -0.01 -0.07 0.14 0.53 0.51 0.48 0.47 0.38 1.00
(0.89) (0.43) (0.14) (0.00) (0.00) (0.00) (0.00) (0.00)
138 138 112 63 63 63 63 63
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Table B.13. Innovations to the forward equity risk premium. The table presents regressions of daily changes
in the forward equity premium bound from Martin (2017) on w shocks. The sample period is 1996:01–2012:01.

0 Ñ 12m 0 Ñ 1m 1 Ñ 2m 2 Ñ 3m 4 Ñ 6m 7 Ñ 12m

wg -0.348*** -0.338*** -0.297*** -0.167*** -0.241*** -0.193***
(-19.59) (-16.85) (-16.08) (-9.52) (-12.53) (-8.77)

wm 0.277*** 0.261*** 0.243*** 0.133*** 0.191*** 0.156***
(18.07) (12.14) (13.98) (7.90) (11.52) (8.74)

wp� 0.248*** 0.290*** 0.242*** 0.100*** 0.188*** 0.099***
(14.55) (11.06) (12.58) (6.99) (11.00) (4.15)

wp+ 0.416*** 0.422*** 0.382*** 0.222*** 0.300*** 0.194***
(23.14) (17.35) (17.60) (11.80) (16.32) (10.90)

R2 0.56 0.57 0.45 0.14 0.28 0.14
R2(wp� , wp+ ) 0.38 0.40 0.32 0.094 0.20 0.083
N (days) 4051 4051 4051 4051 4051 4051

162



A. Real GDP growth forecasts

B. CPI in�ation forecasts

FIGURE B.5. BCEI survey forecasts of real GDP growth and CPI in�ation. The �gure presents forecasts of
real GDP growth and in�ation from the BCEI survey. The forecasts are expressed as percent changes from the
pervious quarter (at annual rates). Horizon h is in quarters. We plot series from the current quarter ( h = 0q)
up to ( h = 4q) quarters ahead. For clarity of the graph, we do not display series for h = 2q.
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FIGURE B.6. Correlation of shocks from different models. The �gure presents the distribution of correlation
coef�cients between MT solution and other retained solutions. For each structural shock j associated with
solution i we calculate its correlation with shock j associated with the MT solution, and plot the histogram
of the correlation coef�cients across all retained solutions. The y-axis reports the empirical probability of a
correlation coef�cient falling into a given bin.
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A. 1983-1997

B. 1998-2007

C. 2008-2017

FIGURE B.7. Shocks estimated over subsamples. The �gure presents scatter plots of shocks estimated over
the full sample, 1983–2017 (on they-axis) against shocks estimated over subsamples (on thex-axis). Each
plot contains a 45-degree line, and reports the slope coef�cient, robust t-statistic and R2 from a regression of
full-sample shocks on the subsample shocks. The subsample shocks are guaranteed to have a unit standard
deviation.
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FIGURE B.8. Stock returns and yield changes on FOMC days: Pre- and post-1994 comparison. The �gure
compares the results from regression (4.11) over the pre- and post-1994 samples. The post-1994 results are the
same as reported in Figure 4.2. The pre-1994 results are based on the shocks estimated using data through the
end of 1997 (when the stock-bond covariance switched sign), with results being quantitatively and qualita-
tively similar if we use shocks estimated over the full 1983–2017 sample. The spikes indicate 95% con�dence
intervals based on standard errors robust to heteroscedasticity.

FIGURE B.9. Stock returns and yield changes on FOMC days: Spliced sample estimates. The �gure provides
a robustness check to Figure 4.2, by comparing coef�cients of regression (4.11) obtained using two sets of
shocks and historical decompositions (HD) of asset returns. For the “long sample" results, shocks and HDs
are estimated over the entire 1983–2017 period; for the “spliced sample" results, they are estimated separately
over the 1983–1997 and 1998–2017 periods and combined. In both cases, the regressions in equation (4.11) are
estimated over the 1994–2017 sample. The spikes indicate 95% con�dence intervals based on standard errors
robust to heteroscedasticity.
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A. Log stock returns (bps)

B. Two-year yield changes (bps)

C. Ten-year yield changes (bps)

FIGURE B.10. FOMC day dummy regressions across all retained solutions. The �gure reports distribution
of regression slope coef�cients of historical decompositions of stock returns and yield changes on the FOMC
day dummy for scheduled FOMC meetings (equation (4.11)) across all retained solutions. All coef�cients
are in basis points. The solid vertical line indicates the coef�cients for the MT solution (corresponding to
results reported in Figure 4.2 of the paper). The dashed vertical lines mark the 10th/90th percentiles of the
distribution of slope coef�cients. In each subplot, the dependent variable is the historical decomposition (4.10)
representing the part of the overall yield change (stock return) explained by a particular shock. For example,
histogram for wg reports slope coef�cients g1 from the regressions Dst (wg

t ) = g0 + g11t,FOMC + #t , estimated
for each of the 1000 retained models. The utmost right subplot in each panel separately reports the regressions
for the component due to risk premium shocks (e.g., for stocks the dependent variable is Ds(wp+ ) + Ds(wp� )).
Regressions are estimated over the 1994–2017 sample, covering 192 scheduled FOMC meetings. Shocks for all
models are estimated over the 1983–2017 sample.
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FIGURE B.11. Yield changes on days of employment report announcement. The �gure reports average
two- and ten-year yield changes and their decompositions into contributions of structural shock on NFP an-
nouncement days, conditional on the type of news and the state of the economy. All numbers are in basis
points. Good/Bad NFP news corresponds to the positive/negative NFP surprises (actual less expected NFP).
The state of the economy (Good/Neutral/Bad times) is measured using the terciles of the Gap variable, Gap
= � (Current unemployment � Natural rate of unemployment), with Gap in top tercile indicating good times.
The estimates are obtained asbk coef�cients from regression (4.12), k = t BG, BN, BB, GG, GN, GBu. Each
subplot combines estimates of bk for a given k from six regressions, using a different dependent variable each.
The sample period is 1985:2–2017, with 389 NFP announcements for which we have both survey and actual
numbers, excluding announcements that fall on a holiday. NFP surprises before 1997 are from Money Market
Services, and from 1997 onward from Bloomberg. In parentheses, we report the number of NFP announce-
ments falling into bin k. The spikes indicate 95% con�dence intervals based on robust standard errors.
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FIGURE B.12. Impulse-response functions: All retained solutions, 1983–2017 sample. The �gure accompa-
nies Figure 4.4 in the paper. We report the distribution of responses of yield changes and stock returns to w
shocks across all 1000 retained solutions. The plots are constructed as follows: We estimate Jorda's local pro-
jections (equation (4.13)) for each retained solution and each horizon d. Then, for eachd, we estimate a kernel

density using bk,j,i
d , k = 1, ..., 1000. We combine kernel densities across horizonsd to generate a 3D surface plot

where axes correspond to the horizon (x-axis), the value of b (y-axis), and the kernel density (z-axis). Finally,
we generate a 2D version by viewing the 3D surface plot along the z-axis. The darker color indicates more
mass of the distribution. The impulse-response function from the MT solution is displayed as the thick solid
line on each subplot.
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