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CHAPTER 1

Introduction

This dissertation revolves around topics in Applied Macroeconomics and Time series
analysis. Generally speaking, we explore different forms of instability ranging from dis-
crete sudden breaks to time varying parameter (TVP) models. In the second chapter, we
study the time-varying impact of disagreement and forecast uncertainty about economic
fundamentals on nominal yields, treasury-inflation protected securities and market-based
inflation expectations. In the third chapter, we employ TVP news regressions to answer
a relevant and pressing policy question: whether US long-run inflation expectations (IEs)
have become more firmly anchored in the aftermath of the crisis. In the fourth chapter,
we enrich the toolkit of policymakers with structural break tests that are robust to re-
gression misspecification.

In Chapter 2, we study the impact of second moments (i.e., disagreement and forecast
uncertainty) on yields of nominal and inflation-indexed bonds (TIPS) and market-based
inflation expectations (IEs) during the period 1999-2016. We use an event-study frame-
work and also propose a new measure for forecast uncertainty shocks (FUS). This measure
is defined as the difference between root mean squared forecast errors (ex-post forecast
uncertainty) and the standard deviation of forecasters’ point forecasts (disagreement).
First, we show that most of the responsiveness to second moments is concentrated in
nominal yields, while TIPS and IEs react to a bigger number of macroeconomic surprises
(i.e., first moment shocks). Second, forecast uncertainty (shocks) about nonfarm payrolls,
arguably the most important announcement, affects only nominal yields and its inclusion
increases the response of nominal yields by almost one basis point. Third, our results show
that Treasury yields react differently to disagreement and forecast uncertainty (shocks)
and that the sign of the response depends on the macroeconomic announcement consid-
ered, the adjustment of liquidity premia and the macroeconomic regime that prevails.
Fourth, we find evidence of asymmetries in the response of Treasury yields to macroeco-
nomic announcements, in which negative, positive and large surprises in macroeconomic
announcements affect financial markets in different ways. Furthermore, employing struc-
tural break tests, we find evidence of time variation in the response of Treasury yields to
macroeconomic surprises and second moments.

In Chapter 3, we employ a Bayesian analysis to capture the learning process that
financial market participants undergo when revising their IEs and quantify the time-
varying response of IEs to macroeconomic and monetary policy news. A TVP model is
a very flexible model that allows for all kinds of nonlinearities and asymmetries and it
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is particularly important in the context of the anchoring of IEs because it is allows for
gradual changes which are consistent with agents learning and updating their inflation
expectations. First, we show that the sensitivity of long-term IEs to most macroeconomic
and monetary policy news has not decreased until mid 2012, hinting that US IEs have not
been re-anchored until then. Second, we document pronounced time variation to price,
real-side and monetary policy news. Third, we relate time variation in news effects to
changes in the communication policy of the Fed and macroeconomic and financial condi-
tions. In particular, we find that the explicit inflation target by the Fed in 2012 reduces
the response to price and real-side news. Additionally, the state of the labor market and
the federal funds rate are important determinants of time variation.

Structural break tests developed in the literature for regression models are sensitive
to model misspecification. In Chapter 4 we show - analytically and through simulations
- that the sup Wald test for breaks in the conditional mean and variance of a time series
process exhibits severe size distortions when the conditional mean dynamics are misspec-
ified. We also show that the sup Wald test for breaks in the unconditional mean and
variance does not have the same size distortions, yet benefits from similar power to its
conditional counterpart. Hence, we propose using it as an alternative and complementary
test for breaks. While the conditional tests based on dynamic regression models detect
breaks in the mean and variance of the US unemployment growth and interest rate growth
series around the Great Moderation, the evidence for these breaks disappears when using
the unconditional tests. Therefore, there is no evidence of long-run mean or volatility
shifts in unemployment growth and interest rate growth.

The results in this dissertation are important for academics and policymakers alike.
First, knowing the response of financial markets to disagreement and forecast uncertainty
about economic fundamentals helps investors and policymakers identify risks stemming
from uncertainty around macroeconomic conditions and, in turn, maintain financial sta-
bility. Second, knowing whether the explicit inflation target, introduced by the Fed
in 2012, has helped anchor inflation expectations is very important for central bankers
who are keen on price stability, especially during crisis times. Finally, proposing break
tests that are robust to regression misspecification aids in conducting more sound policy
analysis and the more accurate detection of when did the economy undergo structural
changes.



CHAPTER 2

Forecast Uncertainty, Disagreement and Financial

Markets1

2.1 Introduction

Since the Great Recession, macro uncertainty has been a main concern for policymakers
and academics alike. Uncertainty shocks have been shown to be highly countercyclical as
they lead to short and sharp drops in output, employment, inflation and the policy rate
- see Bloom (2009), Jurado, Ludvigson and Ng (2015), Rossi, Sekhposyan and Soupre
(2016), and Bachmann, Elstner and Sims (2013).

Event studies have so far studied the response of asset prices (i.e., bond yields, stocks
and exchange rates) to surprises in economic fundamentals, defined as the difference be-
tween the announced value of a fundamental and the median forecast – see Balduzzi, Elton
and Green (2001), Andersen et al. (2003), Beechey and Jonathan (2009) and Gurkaynak,
Sack and Swanson (2005), among others. More recently, Huang (2016) studies the sec-
ond moment response of nominal bonds and equity markets to disagreement and market-
based, ex-ante uncertainty.2 They find that news surprises and second moments affect
financial market volatility and jump responses, with disagreement and market-based un-
certainty having different effects on the latter. Moreover, Pericoli and Veronese (2016)
explore whether the response of exchange rates and long term yields to macroeconomic
news vary with disagreement across analysts in Bloomberg survey.

This paper attempts to find answers to the following hypotheses: What is the im-
pact of disagreement (cross-sectional standard deviation of forecasts) about announced
economic fundamentals on financial markets? Does forecast uncertainty (cross-sectional
standard deviation of forecast errors) have the same impact as disagreement and what
is the sign of this impact? In light of these questions, our paper makes the following
contributions to the extant literature. First, we study the first moment response of nom-
inal and TIPS yields and market-based IEs to US macroeconomic surprises and second
moments from 1999 up to 2016, in an event-study setup. With respect to the related
literature, Buraschi and Whelan (2016) put forward a theoretical model with speculative

1This chapter is based on Abi Morshed (2017).
2In a similar fashion, Beber and Brandt (2009) employ a market-based measure of ex-ante uncertainty

based on prices of economic derivatives, similar to Huang (2016), and examine its ex-post resolution in
financial markets. They find that higher ex-ante uncertainty is associated with a larger decrease in
financial markets’ volatility after macroeconomic releases.



4 Forecast Uncertainty, Disagreement and Financial Markets

heterogenous agents to show, among other things, that differences in beliefs, proxied by
disagreement, reduce short interest rates. This occurs when agents are risk tolerant and
the substitution effect dominates the wealth effect.3 As a result of that, agents reduce
current consumption, thus the demand for borrowing decrease and interest rates decrease.
Their empirical application demonstrates, among other things, that disagreement reduces
nominal and real yields.4 In contrast to the paper above, we study not only the impact
of disagreement on nominal, TIPS and IEs but also the impact of forecast uncertainty.
Besides that, our setup is different, while we study the impact of second moments about
announced macroeconomic fundamentals and their immediate impact on financial mar-
kets, their study does not employ this source of identification.5

To our knowledge there is no work done on the impact of forecast uncertainty on the
term structure of nominal and TIPS yields and market-based IEs. However, Leippold and
Matthys (2015) develop a general equilibrium model in conjunction with an affine yield
curve model to study the impact of economic policy uncertainty on the term structure of
nominal interest rates. Their empirical analysis suggests that higher government policy
uncertainty decreases yields and increases bond yield volatility whereas monetary policy
uncertainty does not seem to have any significant impact.6 Regarding the reaction of
survey IEs to economic policy uncertainty, Istrefi and Pilou (2014) employ a SVAR and
show that short and long-term IEs rise in response to shocks in economic policy uncer-
tainty.

As our second contribution, we put forward a survey-based measure of observable
forecast uncertainty shocks (FUS) defined as the difference between cross-sectional stan-
dard deviation of ex-post forecast errors and ex-ante forecast disagreement across the
analysts in the Bloomberg survey. Many proxies for uncertainty shocks have been used
in the literature. For example, Bloom (2009) employs surprise movements in stock mar-
ket volatility whereas Jurado, Ludvigson and Ng (2015) use the conditional volatility of
forecast errors obtained from a wide range of indicators. Our measure of cross-sectional
standard deviation of forecast errors is closest to the one used in Bachmann, Elstner and
Sims (2013). FUS turns out to be a weighted version of the squared mean surprise. The
weights are time-varying and correspond to the inverse of the sum of disagreement and
the standard deviation of forecast errors. In other words, the weights can be seen as
the sum of ex-ante and expost “precision” of the forecast. Third, we find evidence of
asymmetries in the response of TIPS and IEs to macroeconomic surprises which has not

3The wealth effect plays out as follows: when expected growth is higher, the demand for current
consumption is higher and the demand for borrowing increases which, in turn, leads interest rates to
rise.

4Ehling et al. (2016) show that inflation disagreement affect nominal yields through its impact on the
real side of the economy. The sign of the impact also depends on whether the substitution or the income
effect dominates.

5Additionally, our study makes use of the Bloomberg survey whereas they use the BlueChip survey.
6Regarding the macroeconomic and financial implications of macroeconomic uncertainty, Segal,

Shaliastovich and Yaron (2015) decompose uncertainty into good and bad volatility components, as-
sociated with positive and negative innovations to macroeconomic growth, and find that the former
predicts an increase in economic activity and asset prices while the latter predicts a decline in economic
activity and asset prices.
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been documented so far.

We expect that the impact of disagreement about economic fundamentals and forecast
uncertainty to be different on financial markets since disagreement could simply reflect
heterogenous but certain expectations and forecast uncertainty sweeps heterogeneity of
the forecasts under the rug. In terms of the sign of the impact, we expect that disagree-
ment decreases nominal and real yields and this is line with the findings in Buraschi and
Whelan (2016) when we have risk tolerant agents and the substitution effect dominates
the income effect.7 On the other hand, we expect forecast uncertainty to increase nominal
and real yields since it very likely increases risk premia. Since FUS is a linear combina-
tion of forecast uncertainty and disagreement, the sign of their impact will depend on the
latter two and the relative magnitude of each.

The main empirical findings are as follows. Second moments affect nominal yields the
most, followed by IEs and TIPS. On the other hand, FUS affect TIPS and IEs the most.
Additionally, forecast uncertainty (shocks) about nonfarm payrolls only affect nominal
yields significantly and their inclusion strengthens the response of the latter by almost
one basis point, across all maturities. Treasury yields react differently to disagreement
and forecast uncertainty. This is most likely due to the fact that disagreement com-
prises heterogeneity whereas forecast uncertainty does not, by construction. Our findings
corroborate the findings in Buraschi and Whelan (2016) regarding disagreement reduc-
ing nominal and real yields, if they are not corrected for risk and liquidity premia, as
the correction might be introducing noise and blurring the sign. Regarding the sign of
the response to forecast uncertainty (shocks), it mainly depends on the macroeconomic
announcement, the adjustment of liquidity premia and the prevailing macroeconomic
regime. But if we do not correct for liquidity and risk premia, then forecast uncertainty
increases nominal and real yields. Furthermore, we find evidence of asymmetric responses
to macroeconomic surprises. For nominal yields, sign effects are concentrated in negative
surprises whereas for TIPS and IEs, they are concentrated in positive surprises. One
potential explanation for this discrepancy is the different sample size for nominal yields
versus TIPS and IEs and market specific factors. Moreover, size effects are more present
in the response of nominal and IEs rather than in the response of TIPS.

The remainder of this paper is structured as follows. In Section 2.2, the data on survey
forecasts, nominal and real yields and market-based IEs are discussed. Additionally,
disagreement and forecast uncertainty (shocks) are introduced and analyzed. In Section
2.3, we introduce the event-study framework that we employ and present results for
the response of Treasury yields to macroeconomic news, second moments and FUS. In
Section 2.4, we study the asymmetric response of Treasury yields to macroeconomic
surprises. In Section 2.5, we explore time-variation in the response of financial markets
to macroeconomic news and second moments across three macroeconomic regimes and
section 2.6 concludes. Appendices 2.A, 2.B and 2.C include Tables with the results,
supplementary material and robustness checks.

7Another potential explanation for why disagreement decreases yields goes back to Miller (1977) who
shows that differences of opinion can decrease returns when short-sale constraints are present. This
happens when pessimists stay out of the market and asset prices reflect the valuation of optimists.
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2.2 Data

2.2.1 Nominal yields, TIPS, and BEI rates

We use three-, five- and ten-year yields of nominal, treasury inflated protected securi-
ties (TIPS) and market-based measures of IEs. Following Gurkaynak, Sack and Wright
(2010), Gurkaynak, Levin and Swanson (2010), and Beechey, Johannsen and Levin (2011),
break-even inflation (BEI) rates are derived as the spread between nominal and TIPS of
the same maturity. The data is daily and is obtained from the Board of Governor’s web-
site8.

BEI rates are not a pure measure of IEs because they also comprise of liquidity
and inflation risk premium. We purge liquidity premium from BEI rates9 following the
regression-based method in Strohsal and Winkelmann (2015) and Pflueger and Viceira
(2011) using the GARCH standard deviation and AAA spread. In a similar vein, TIPS
bonds are also purged from liquidity premium – see Appendix 2.C for details.

Our sample extends from the beginning of 1999 until November 2016 for nominal
yields, but only from mid 2004 for TIPS bonds and market-based IEs and that is because
only until then that a relatively large number of inflation indexed bonds have been traded
in the US secondary market.

2.2.2 Economic news, disagreement, forecast uncertainty and

FUS

The data on macroeconomic releases, the corresponding median forecast, and analysts’
individual forecasts are obtained from the survey conducted by Bloomberg.10 The sur-
vey is conducted as follows: prior to every scheduled macroeconomic release, the survey
participants submit their forecasts for the upcoming release, then these forecasts are
published accompanied by the name of the analyst, the institution they are affiliated
with and the date of submission of the forecast. Moreover, analysts are allowed to revise
their forecasts before the macroeconomic release. Surprises are defined as the difference
between the actual economic release, Ait, and the consensus median expectations of the
release, Eit, and then normalized by their standard errors to facilitate comparison across
different news types, as follows: Sit =

Ait−Eit

σ(Ait−Eit)
where i runs from 1 to K, the total num-

ber of macroeconomic news that we consider.

Table 2.1 below reports the economic releases considered, their unit of measurement,
the average number of forecasters across the sample and the means and standard de-
viations of the corresponding surprises. Although Bloomberg has been conducting this
survey since February 1997, the number of participants during the first two years for

8We use zero-coupon US Treasury bonds.
9BEI yields, which we use in this study, contain only liquidity premia whereas forward rates contain

mostly inflation risk premia.
10I am grateful for Jiehui Hu for sharing with me Bloomberg data on announcements, median forecasts,

and individual forecaster data until 2011.
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the majority of economic releases considered is quite low. This can potentially bias our
measure of ex-ante uncertainty, therefore we stick to the days for which there are at least
15 forecasters - see de Goeij, Hu and Werker (2013).

Table 2.1: Bloomberg survey forecasts

Data Release Frequency First Release Last Release Units Av. nr. of forecasters Mean Standard deviation

Core CPI Monthly 19/02/1999 17/11/2016 Percent change mom 80.1 -0.004 0.09
GDP (advance) Quarterly 31/07/1998 28/10/2016 Percent change qoq 82.8 -0.034 0.73
Industrial Production Monthly 17/02/1999 16/01/2016 Percent 81.1 -0.047 0.36
Capacity Utilization Monthly 17/02/1999 16/11/2016 Percent 62.37 -0.033 0.33
Non-farm payrolls Monthly 05/03/1999 04/11/2016 Thousands 91.24 -17.91 79.54
Unemployment rate Monthly 05/03/1999 04/11/2016 Percent 85.08 -0.03 0.14
Initial Claims Weekly 25/02/1999 23/11/2016 Thousands 38.57 0.42 17.98
Leading Indicators Monthly 02/03/1999 18/11/2016 Percent 45.09 0.015 0.184
ISM manufacturing Monthly 01/03/1999 01/11/2016 Index 79.53 0.136 1.922
Retail Sales Monthly 13/06/2001 15/11/2016 Percent change mom 82.56 -0.003 0.60
New Home Sales Monthly 02/03/1999 23/11/2016 Thousands 73.45 4.403 59.46
Consumer Confidence Monthly 23/02/1999 29/11/2016 Index 72.20 0.12 4.99

Notes: The average number of forecasters is taken over the sample size of each macroeconomic release. mom denotes month over month and qoq quarter
over quarter. Core PPI is not included because individual forecast data was not available at Bloomberg from 2014 onwards.

A relatively large literature is concerned with the measurement of uncertainty and
whether disagreement qualifies as a good proxy for ex-ante uncertainty. Disagreement
and ex-ante uncertainty are not always equivalent since disagreement also reflects hetero-
geneity as highlighted by Zarnowitz and Lambros (1987) and more recently by Bachmann,
Elstner and Sims (2013). Notable contributions that use the standard deviation across
analysts’ point forecasts, known as disagreement, as a proxy for ex-ante uncertainty in-
clude Bomberger (1996), Giordani and Soderlind (2003), Johnson (2004), Bachmann,
Elstner and Sims (2013), Andersen et al. (2003), Bloom (2009), among others.

In particular, Bomberger (1996) finds a positive relationship between the dispersion
of inflation forecasts from the Livingston survey and the variance of forecast errors as
a proxy for uncertainty. Similarly, Giordani and Soderlind (2003)11 find that disagree-
ment about inflation and output growth from Survey of Professional Forecasters (SPF)
is positively correlated with uncertainty measures obtained from density forecasts over
the sample extending from 1969 to 2001. Moreover, Andersen et al. (2003) proxies un-
certainty about economic fundamentals by the standard deviation of expectations across
individual forecasters. Using the IFO Business Climate survey, Bachmann, Elstner and
Sims (2013) document a strong correlation between ex-post forecast error uncertainty
index and ex-ante forecast disagreement in the survey.12

On one hand the Bloomberg survey does not provide us with a density forecast for
each individual forecaster, which would be the ideal measure of uncertainty14, unlike the

11Zarnowitz and Lambros (1987) finds a weak positive correlation between disagreement and various
measures of uncertainty using Survey of Professional Forecasters data over a shorter sample.

12Lahiri and Sheng (2010) establish the missing link between disagreement and uncertainty. Using a
decomposition of forecast errors into common and idiosyncratic shocks, they show that the difference
between disagreement and the variance of forecast errors,13 can be interpreted as the variance of aggregate
shocks that increases with the forecast horizon and depends on the state of the economy. Thus, they
conclude that disagreement is not always a good proxy for uncertainty, especially during turbulent
economic times and as the forecast horizon increases.

14A density forecast, in contrast to a point forecast, shows how likely are various outcomes.
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SPF or European Central Bank (ECB) survey of professional forecasters, on the other
hand it is the only survey that reports the forecasts of scheduled macroeconomic an-
nouncements, which are crucial to identify surprises in event studies.

Following the aforementioned papers on ex-ante and ex-post proxies of uncertainty,
we define FUS as the difference between the square root of the (cross-sectional) average
squared forecast errors (ex-post uncertainty) and the standard deviation of individual
forecasters’ point forecasts, known as disagreement among forecasters (ex-ante uncer-
tainty).

In mathematical terms, the measure of forecast uncertainty shocks takes the following
form15:

SFUS
it ≡ SU

it − SD
it ≡

√∑Nt

j=1(fitj − Ait)2

Nt
−

√∑Nt

j=1(fitj − f̄it)2

Nt − 1
(2.1)

where fijt is the forecast of forecaster j at time t for fundamental i, f̄it is the consensus
expectation of each fundamental computed as the sample average across the forecasts
available at time t, and j runs from 1 to Nt, the number of forecasters at time t.

Equation 2.1 above is written in terms of time t, although the individual forecasts
and the announced values may not take place at the same time since more information
is flowing between the date the forecasts are submitted and the release date of funda-
mentals. This renders forecasts stale and FUS noisy. This issue is well known in the
voluminous literature on macroeconomic news and is usually ignored by assuming that
the consensus forecast and the announced value take place at the same time.16 I follow
this convention when constructing uncertainty surprises.

A crucial aspect of event studies is the ability to measure the unexpected component
of an event which will, in turn, change the information set of market participants – see
Gurkaynak and Wright (2013) for a comprehensive overview. Our measure of uncertainty
surprises achieves this because we subtract the expected uncertainty, proxied by disagree-
ment among forecasters, before any announcement from ex-post uncertainty that realizes
after the value of the fundamental is announced.

In Table 2.2 below we examine whether disagreement is positively correlated with
the standard deviation of forecast errors for the macroeconomic announcements in Table
2.1 above. Using the MMS survey17, Gurkaynak and Wolfers (2006) explore whether
disagreement is correlated with the standard deviation of the market-based state price
distribution for a small subset of macroeconomic releases (ISM, initial claims, nonfarm
payrolls and retail sales) and for the period extending from October, 2002 until July 2005.

15Other measures of disagreement, as the mean absolute deviation used in de Goeij, Hu and Werker
(2013) and the interquartile range in Giordani and Soderlind (2003) can also be used but since we restrict
ourselves to days with 15 forecasters, the impact of outliers is already taken care off. Additionally, we
use the unbiased estimator of the standard deviation and for that reason we divide by Nt-1 instead of
Nt.

16This problem should not be very pronounced since analysts at the Bloomberg terminal are allowed
to alter their forecast until few hours before the release of macroeconomic variables.

17The Money Market Survey (MMS) is very similar to the Bloomberg survey.
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They find that there is strong correlation between the two but the correlation becomes
weaker when they focus on lower-frequency variation.

Table 2.2: Disagreement and Uncertainty

Disagreement R2

Core CPI 0.65* (0.24) 0.03

GDP (advance) 1.27** (0.22) 0.27

Industrial Production 1.72** (0.34) 0.38

Capacity Utilization 0.97* (0.38) 0.04

Non-Farm Payrolls 1.31** (0.25) 0.13

Unemployment Rate 1.17** (0.28) 0.08

Initial Claims 1.18** (0.10) 0.35

Leading Indicators 1.40** (0.16) 0.62

ISM manufacturing 0.96* (0.27) 0.05

Retail Sales 1.97** (0.49) 0.49

New Home Sales 1.10** (0.04) 0.79

Consumer Confidence 0.77** (0.18) 0.04
Note: Least square estimation of the standard deviation of forecast errors for
macro variables in the first column of the table on disagreement and a constant.
HAC standard errors are used. The constant is omitted.**,* denote statistical
significance at 5%, 10% level, respectively. Sample sizes as in Table 2.1.

The results in Table 2.2 show that the coefficients on disagreement are statistically
significant for all macroeconomic releases considered. For example, disagreement is a
very good proxy for the standard deviation of forecast errors in new home sales, leading
indicators, retail sales and initial claims because the R2 is relatively high but is a weaker
proxy for core CPI, ISM, capacity utilization and consumer confidence.

Figures 2.1-2.4 plot disagreement, the standard deviation of forecast errors, and FUS
for a subset of macroeconomic releases.
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Figure 2.2: Uncertainty surprises for New Home Sales
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Figure 2.3: Uncertainty surprises for Capacity utilization
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Figure 2.4: Uncertainty surprises for Core CPI
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Few stylized facts emerge from observing Figures 2.1-2.4. First, disagreement and
ex-post uncertainty co-move, as Table 2.2 above shows, but disagreement typically un-
derestimates uncertainty and this is in line with much evidence in the literature see –Lahiri
and Sheng (2010), Gurkaynak and Wolfers (2006), Zarnowitz and Lambros (1987), Gior-
dani and Soderlind (2003). Second, uncertainty surprises are almost always positive with
very few exceptions, usually spike during crisis periods and are stationary, so they do not
require any further differencing.

Our uncertainty surprises being almost always nonnegative is most likely due to the
fact that the difference between the mean squared forecast errors and the cross-sectional
variance of individual forecasts is equal to (f̄it−Ait)

2 18 which is strictly positive. However,
following the vast literature on macroeconomic uncertainty, we deal with the square root
of each of these quantities. Additionally, if we scale by Nt instead of Nt−1, S

FUS
it takes

the following form:
(f̄it − Ait)

2

√
∑Nt

j=1(fitj−Ait)2

Nt
+

√
∑Nt

j=1(fitj−f̄it)2

Nt

(2.2)

which is a weighted version of the squared mean surprise. The weights are time-varying
and correspond to the inverse of the sum of disagreement and the standard deviation of
forecast errors. In other words, the weights can be seen as the sum of ex-ante and expost
precision of the forecasts.

2.3 Results

Tables that contain the results for all the remaining sections can be found in Appendix
A, at the end of this chapter.

2.3.1 The sensitivity of Treasury Yields to Macroeconomic Sur-

prises

The effect of macroeconomic news on asset prices is studied in the following event study,
following T. Swanson and C. Williams (2014) and Pericoli and Veronese (2016):

∆yt = β0 +
K∑

i=1

βi · Sit + ǫt (2.3)

where ∆yt corresponds to the daily change, in basis points, of short, medium and long
term nominal yields, TIPS and IEs after a certain announcement, at time t, and ǫt is a
residual representing the influence of other news and other factors on asset prices that
day. Moreover, we only include days with at least one macroeconomic release and on
days when there is no news about a particular macroeconomic series the corresponding
element of Sit is set to zero.19

18This result has been shown in Lahiri and Sheng (2010).
19The sample size for all the regressions in this paper end with the last observation in the sample
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Tables 2.3, 2.4 and 2.5 present the estimates of the response of nominal yields, TIPS
and IEs rates to macroeconomic surprises, respectively. With respect to the response
of nominal yields, Table 2.3 shows that surprises in pro-cyclical indicators like nonfarm
payrolls, ISM, and retail sales increase nominal yields for all three maturities while sur-
prises in a counter-cyclical indicator like initial claims decrease yields across all three
maturities. For example, a one-standard deviation shock in nonfarm payrolls increases
5-year nominal yields by 4.23 basis points which constitutes the largest impact on nomi-
nal yields, followed by ISM and retail sales. Although not all the surprises in Table 2.3
are statistically significant at 5 or 10 % level, they are jointly significant as the p-value
in the last row of the table suggests. Additionally, these results are broadly in line with
the findings in Pericoli and Veronese (2016).20

Table 2.4 shows that TIPS yields respond to a bigger number of surprises compared
to nominal yields and that all surprises are jointly significant at the 5% level. For real-
side pro-cyclical news and across all maturities, higher-than-expected announcements in
nonfarm payrolls, ISM, retail sales and leading indicators21 increase TIPS yields, with
surprises in nonfarm payrolls having the largest effect followed by ISM, retail sales and
leading indicators. With respect to counter-cyclical news, not only surprises in initial
claims decrease yields but also unemployment news, which was not the case for nominal
yields.22 The intuition behind the signs of the responses can be explained as follows: a
higher-than-expected surprise in a procyclical indicator signals that the economy is grow-
ing faster than expected and, in turn, the demand for investment goods is expected to
increase and the real interest rate would have to rise. Moreover, in contrast to nominal
yields, price news (core CPI) decrease TIPS yields and the response is significant even
for 10-year yields. The latter sign is intuitive since real interest rates are obtained from
nominal interest rates after subtracting IEs. Given that nominal yields, do not increase
as a result of CPI news (see Table 2.3), it has to be the case that IEs do; that is indeed
the case – see Table 2.5. These results are echoed in other studies as in Bauer (2015) and
Zhang (2016), although the sample is not the same.

Regarding the response of IEs, Table 2.5 shows that surprises in nonfarm payrolls,
core CPI, capacity utilization, consumer confidence, ISM and new homes increase IEs
across all maturities whereas surprises in initial claims and leading indicators23 decrease
them. The negative response of IEs to surprises in leading indicators is due to the fact
that TIPS’s reaction is positive (see Table 2.4), while that of nominal yields is not sig-
nificantly significant (see Table 2.3). Furthermore, for 10-year IEs, surprises in retail
sales and industrial production enter significantly. As was the case for nominal and TIPS
yields, IEs react most strongly to nonfarm payrolls announcements.

20They also find that surprises in advance GDP and consumer confidence are statistically significant,
but their sample ends in 2014.

21Surprises in leading indicators enter significantly when using liquidity-adjusted TIPS yields, however,
they fail to be statistically significant if we use unadjusted TIPS yields.

22Unemployment news are statistically significant for 3-year and 5-year TIPS yields only.
23For 10-year IEs, leading indicators are not anymore statistically significant. Moreover, if unadjusted

BEI rates are used, then for 3-year maturity, capacity utilization, leading indicators and consumer
confidence fail to be significant. For 5- and 10-year maturities, leading indicators and consumer confidence
are not significant anymore.
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In summary, all macro releases considered are jointly significant for nominal and TIPS
yields and IEs, with the vast majority of the sensitivity being concentrated in TIPS and
IEs. Furthermore, while nonfarm payrolls announcements have the largest effect on all
yields, the response of nominal yields to the latter is the largest and is almost double the
response of either TIPS or IEs.

2.3.2 The Sensitivity of Treasury Yields to Disagreement and

Forecast Uncertainty

In this section, we study the response of nominal yields, TIPS and BEI rates to forecast
uncertainty and disagreement by running the following regression:

∆yt = β0 +
K∑

i=1

γi · SD
it +

K∑

i=1

δi · SU
it + ǫt (2.4)

The estimates in Table 2.6 show that disagreement about new homes, leading indica-
tors, consumer confidence and ISM are individually statistically significant at either 5 or
10 % level whereas only forecast uncertainty about new homes and leading indicators are
statistically significant.24 One important observation is that disagreement and forecast
uncertainty, when they enter significantly, affect nominal yields in different ways; while
disagreement decreases yields, forecast uncertainty increases them. Additionally, while
forecast uncertainty and disagreement about all surprises are jointly significant at 10%
level for 3- and 5-year yields, as the p-value in the last row of Table 2.6 shows, they are
not anymore for 10-year yields.

Table 2.7 shows that disagreement about capacity utilization and new homes are sta-
tistically significant for 3- and 5-year TIPS yields while that for industrial production is
only significant for 10-year yields. Moreover, forecast uncertainty about leading indicators
is only significant for 3-year maturity. In contrast to the response of nominal yields, dis-
agreement about different macroeconomic variables can increase or decrease TIPS yields,
while forecast uncertainty always increase yields but it is only significant for short term
maturities, unlike disagreement. Moreover, and in line with nominal yields, disagreement
and uncertainty are jointly significant only for short and medium term maturities. More-
over, the results in Table 2.7 are sensitive to whether liquidity-adjusted TIPS are used
or not.25 Therefore, one can draw the following conclusions. First, whether disagreement
increase or decrease TIPS yields depends on the macroeconomic release, for example dis-
agreement about capacity utilization always decrease yields while that about industrial

24In the next section, when we include the surprises to the regression, then disagreement and forecast
uncertainty about new variables will appear significant.

25If unadjusted TIPS are used, for 3-year maturity, disagreement about new homes is not anymore
statistically significant but instead disagreement about leading indicators becomes significant and enters
with a negative sign. For 5-year maturity, disagreement about new homes fails to be statistically sig-
nificant. In addition to that, uncertainty about leading indicators becomes significant and enters with
a positive sign. For ten-year yields, disagreement about capacity utilization enters significantly with a
negative sign, in addition to industrial production which enters with a positive sign, and uncertainty
about leading indicators becomes significant and actually increases TIPS yields.
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production increases them.26 Second, forecast uncertainty seems to always increase TIPS
yields regardless of that, and that is in line with the response of nominal yields.

Table 2.8 shows that disagreement about capacity utilization and initial claims in-
crease IEs at 3- and 10-year maturities, respectively, while forecast uncertainty about
retail sales and initial claims decrease short and medium term IEs. Additionally, uncer-
tainty about GDP increase 5-year IEs.27 In line with nominal and TIPS yields, disagree-
ment and uncertainty are jointly statistically significant for short and medium term IEs,
as the p-value in the last row of Table 2.8 shows.

In general, the following conclusions can be drawn after analyzing the results in Tables
2.6, 2.7 and 2.8. First, second moments are jointly significant for 3- and 5-year nominal,
TIPS and IEs. Second, forecast uncertainty, if significant, increases nominal and TIPS
yields while it can increase or decrease IEs, depending whether BEI rates are adjusted
for liquidity premia.28 Third, disagreement, if significant, decreases nominal yields, in-
creases IEs, and can increase or decrease TIPS yields, depending on the macroeconomic
fundamental considered and whether TIPS are adjusted for liquidity premia or not. In
the following section, when we include macroeconomic surprises along with disagreement
and forecast uncertainty, we shed led light on the economic channels through which dis-
agreement and uncertainty affect nominal yields.

2.3.3 The Sensitivity of Treasury Yields to Macroeconomic Sur-

prises, Forecast Uncertainty and Disagreement

In the previous two sections we studied the impact of macroeconomic surprises, disagree-
ment and forecast uncertainty on yields separately. In this section, we study their impact
jointly in the following regression:

∆yt = β0 +

K∑

i=1

φi · Sit +

K∑

i=1

θi · SD
it +

K∑

i=1

ρi · SU
it + ǫt (2.5)

Table 2.9 presents some interesting and important results. In comparison to Table
2.3, surprises in core CPI are statistically significant at 10% level (only for 3-year yields),
in addition to nonfarm payrolls, ISM, retail sales, and initial claims. Moreover, the mag-
nitude of the response of nominal yields to nonfarm payrolls surprises has increased by
almost one basis point when disagreement and uncertainty are included, and this holds
true across all maturities. Another important observation is that forecast uncertainty
about nonfarm payrolls enters significantly whereas disagreement does not and the re-
verse is true for ISM; while for retail sales and initial claims neither disagreement nor

26When we add the surprises in the next section and we do the analysis for unadjusted TIPS, then
disagreement decreases TIPS.

27If unadjusted IEs are used, disagreement about capacity utilization is not significant anymore while
disagreement about initial claims increases IEs for all maturities and that for retail sales increases 3-year
IEs. Moreover, uncertainty about initial claims and GDP do not enter significantly anymore.

28With unadjusted BEI rates, forecast uncertainty always decrease BEI rates, when it enters signifi-
cantly.



Results 15

forecast uncertainty enter significantly. Disagreement and forecast uncertainty about
leading indicators, ISM and new homes are still statistically significant, as in Table 2.6,
but that for consumer confidence is not anymore and disagreement about capacity uti-
lization becomes statistically significant. Moreover, disagreement and uncertainty about
leading indicators are both statistically significant across all maturities. Another robust
finding is that even after the inclusion of macroeconomic surprises, disagreement, when
it enters significantly, decreases nominal yields while forecast uncertainty increases them.

Table 2.10 shows that the surprises that affect TIPS yields significantly across all ma-
turities are still the same as in Table 2.4 above, except for capacity utilization which is
now significant for 3-year yields at 10% level. In comparison to Table 2.7, two differences
emerge: First, disagreement about capacity utilization becomes significant for 10-year
yields, in addition to industrial production. Second, uncertainty about ISM decrease 3-
year TIPS whereas that about retail sales increase the latter and leading indicators is not
anymore statistically significant. Additionally, it seems that disagreement affects TIPS
yields significantly across all three maturities whereas uncertainty only affects short term
yields. Furthermore, Table 2.10 shows that disagreement and uncertainty can increase or
decrease TIPS, however, when unadjusted yields29 are used, we can recover a clear-cut
result as in the case of nominal yields, that disagreement decreases yields whereas uncer-
tainty increases them.

Regarding the response of IEs to news, and in comparison to Table 2.5, Table 2.11
shows that surprises in capacity utilization and ISM are not anymore statistically signif-
icant for 3- and 5-year IEs, while surprises in GDP become statistically significant at 5%
level across all maturities. Additionally, for 10-year IEs, new homes is not statistically
significant anymore. In comparison with Table 2.8 and for 3-year IEs, disagreement about
capacity utilization is not anymore significant while disagreement about GDP becomes
significant for 5-year IEs. Moreover, uncertainty about GDP and unemployment become
significant for 3-year IEs, and unemployment for 5-year IEs. As was the case for TIPS,
Table 2.11 shows that disagreement and uncertainty can increase or decrease IEs but if
unadjusted BEI rates are used30then we obtain a clear-cut result in which disagreement
increase IEs whereas uncertainty decrease them, if significant.

In summary, most of the responsiveness of TIPS and IEs is concentrated in the sur-

29For 3-year TIPS, surprises in unemployment, capacity utilization and new homes are not significant
anymore. Additionally, disagreement about new homes and uncertainty about ISM are not significant
anymore. But uncertainty about leading indicators enters significantly and with a positive sign. For
5-year TIPS, surprises in leading indicators and unemployment are not significant anymore. Moreover,
leading indicators is the only announcement for which both disagreement and uncertainty are significant
across all maturities. For 10-year yields, surprises in unemployment and disagreement about industrial
production are not significant anymore.

30For 3-year IEs, surprises in consumer confidence and leading indicators are not significant anymore.
Also, disagreement about initial claims and retail sales enter significantly and increase 3-year IEs. Uncer-
tainty about GDP, initial claims and unemployment are not anymore statistically significant. For 5-year
IEs, surprises in leading indicators and GDP are not statistically significant anymore. Disagreement
about GDP is not anymore significant and instead disagreement about initial claims increases 5-year
IEs. For uncertainty, same comment as for 3-year IEs. For 10-year yields, surprises in ISM and new
homes become significant and nothing changes for disagreement and uncertainty.
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prises themselves rather than in the second moments, especially for medium and long-term
maturities. This is in contrast to nominal yields where we witness that second moments
are significant across all maturities and the inclusion, for example, of uncertainty about
nonfarm payrolls strengthens the response of nonfarm payrolls announcements. Fur-
thermore, we find that disagreement always decrease nominal yields, while uncertainty
increase them. However, disagreement and uncertainty tend to either increase or decrease
TIPS and IEs depending whether they are adjusted for liquidity premia and on the par-
ticular macroeconomic announcement. But, if liquidity-unadjusted TIPS and IEs are
used, then we find that disagreement decrease TIPS whereas uncertainty increase them,
as was the case for nominal yields. On the other hand, disagreement increases IEs and
uncertainty decreases them.

Moreover, the different effect of disagreement and uncertainty likely stems from the
fact that disagreement comprises heterogeneity across the analysts whereas uncertainty
does not, as Huong (2016) finds. The economic channel through which disagreement
leads to the reduction of yields goes back to Buraschi and Whelan (2016), who shows
that when the substitution effect overrules the wealth effect, agents consume less, demand
on borrowing decrease, and as a result of that interest rates decrease. The most plausible
channel through which forecast uncertainty affect yields is by raising risk premia.

2.3.4 The Sensitivity of Treasury Yields to Macroeconomic Sur-

prises and FUS

In this section we study the impact of macroeconomic surprises and FUS on Treasury
yields by running the following regression:

∆yt = β0 +
K∑

i=1

γi · Sit +
K∑

i=1

θi · SFUS
it + ǫt (2.6)

Table 2.12 shows that nominal yields respond significantly to FUS in nonfarm payrolls
across all maturities and to that in capacity utilization only for three-year yields. This is
in line with the response of nominal yields to forecast uncertainty about nonfarm payrolls
(see Table 2.9). Moreover, the inclusion of FUS increases the sensitivity of nominal yields
to surprises in nonfarm payrolls by almost one basis point, as was the case when second
moments were included in the previous section.

With respect to the response of TIPS yields, Table 2.13 shows that FUS in GDP,
ISM, retail sales and leading indicators are statistically significant31 for three- and five-
year maturities while only FUS in GDP and leading indicators remain significant for
long-term yields32. More importantly, FUS can increase or decrease TIPS yields depend-
ing on the macroeconomic announcement, for example, FUS in GDP and ISM decrease
TIPS yields whereas that in retail sales and leading indicators increase them. It is also

31In the previous section, forecast uncertainty about ISM and GDP are statistically significant.
32If unadjusted TIPS are used, FUS in new homes become significant for three-year yields and FUS in

ISM fails to be significant for five-year yields, while nothing changes for ten-year yields - see Table 2.26
in Appendix 2.B.
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possibly related to which effect dominates (i.e., positive or negative effect of disagreement
or positive effect of uncertainty). Additionally, this conclusion remains valid even when
we do not adjust TIPS for liquidity premium.

Table 2.14 shows that IEs respond significantly to FUS in GDP and retail sales across
all maturities and to that in unemployment, initial claims and consumer confidence for
three and five-year IEs33. Those results are very similar to the ones obtained in the pre-
vious section when we examined the impact of forecast uncertainty on IEs. Moreover,
the opposite responses of IEs and TIPS to FUS in GDP and retail sales can be reconciled
as follows: IEs are obtained from subtracting TIPS from nominal yields34, therefore, the
sign of the response of IEs should be opposite to that of TIPS, given that nominal yields
do not react significantly to the aforementioned announcements.

In summary, FUS in macroeconomic announcements increase nominal yields but they
tend to increase or decrease TIPS yields and IEs depending on the particular macroeco-
nomic announcement and whether the effect of disagreement or uncertainty dominates,
regardless whether they are corrected for liquidity premia. In contrast to the previous
section, most of the responsiveness of TIPS and IEs, is not only concentrated in the
surprises themselves but also in FUS, while nominal yields respond significantly only to
FUS in nonfarm payrolls.

2.4 Asymmetries in the response of Treasury Yields

to Surprises

In this section, we study whether the response of nominal, TIPS and IEs is asymmetric
due to the sign and size of surprises. Important contributions include Andersen et al.
(2003) and Ehrmann and Fratzscher (2005) who find that negative and large surprises
have a stronger impact on exchange rates. For the bond market, Hautsch and Hess (2007)
document that bad news about nonfarm payrolls have a stronger impact on bond prices
compared to good news. To check whether the size and sign of surprises matter, we
estimate the following regression:

∆yt = β0 +

K∑

i=1

(1Sit>0β1iSit + 1Sit<0β2iSit + β3iS
2
it) + ǫt (2.7)

where S2
it is the squared surprise35 and 1Sit>0,1Sit<0 are indicator functions taking values

1 when Sit is bigger or less than 0, respectively; both dummies being zero otherwise.

33If unadjusted IEs are used, FUS in unemployment and consumer confidence fail to be significant for
three-year yields. For five-year yields, FUS in initial claims and unemployment also fail to be statistically
significant. Additionally, FUS in GDP is not significant for ten-year yields - see Table 2.27 in the
Appendix 2.B.

34This is only true if liquidity premia are accounted for, as we do in our analysis, otherwise, IEs should
be replaced by break-even inflation rates.

35To make the estimates comparable, we standardize the squared surprise by the sample standard
deviation.
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Table 2.15 provides evidence for sign and size effects in the response of nominal yields
to macroeconomic surprises. Sign effects are present for the following announcements:
GDP, initial claims, ISM, nonfarm payrolls, retail sales, consumer confidence and new
homes. For all the aforementioned announcements, negative surprises are statistically sig-
nificant while their positive counterparts are not, except for nonfarm payrolls, consumer
confidence and new homes. For nonfarm payrolls, positive and negative surprises enter
significantly but the magnitude of negative surprises is larger than that of positive sur-
prises across all maturities. With respect to new homes, positive surprises are statistically
significant instead of negative surprises and for consumer confidence both positive and
negative surprises are statistically significant but they enter with different signs. Regard-
ing size effects, large surprises in GDP, ISM, nonfarm payrolls and consumer confidence
increase nominal yields, which is in line with the sign of the macroeconomic surprise,
whereas large surprises in new homes decrease them. This is evidence that there is a
nonlinearity in the response to surprises in new homes: small surprises increase yields,
while large surprises decrease them.

In comparison to nominal yields, Table 2.16 provides little evidence of size and sign
effects for TIPS yields. Sign effects are present for retail sales, ISM, GDP, leading indi-
cators and core CPI. In particular, negative surprises in ISM, retail sales and GDP are
statistically significant while positive surprises in GDP, core CPI and leading indicators
are significant. Additionally for five- and ten-year maturities, positive surprises in retail
sales are significant while their negative counterparts are not anymore. In general, the
sign effects for TIPS are concentrated mostly in positive rather than negative surprises,
especially for medium and long term maturities. Size effects are not strong, as only large
surprises in industrial production and GDP enter significantly.

With respect to the asymmetric response of IEs, Table 2.17 shows, as in the case of
TIPS, that sign effects are concentrated in positive rather than negative surprises and
that is true across all maturities. For example, positive surprises in core CPI, ISM, non-
farm payrolls and leading indicators are statistically significant while negative surprises
in nonfarm payrolls, consumer confidence and GDP are only significant for five and ten-
year maturities. In contrast to TIPS and more in line with nominal yields, size effects
are present but vary across maturities. In particular, large surprises in core CPI, retail
sales, new homes, GDP, ISM and leading indicators are statistically significant.

In summary, there is evidence of asymmetric response to macroeconomic surprises.
For nominal yields, sign effects are concentrated in negative surprises whereas for TIPS
and IEs, they are concentrated in positive surprises. Moreover, size effects are more
present in the response of nominal and IEs rather than in the response of TIPS. These
discrepancies might be due to the differences in the sample size, as TIPS and IEs only
start in 2004. Another potential reason is that we use liquidity adjusted TIPS and IEs
and the correction of premia might be driving some of these results.
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2.4.1 FUS and Squared surprises

In this section, we investigate whether our measure of FUS has different implications
than if we used squared macroeconomic surprises as regressors. To achieve the latter, we
run the following regression where we replace squared surprises by FUS:

∆yt = β0 +
K∑

i=1

(1Sit>0β1iSit + 1Sit<0β2iSit + β3iS
FUS
it ) + ǫt (2.8)

Regarding the response of nominal yields and comparing Tables 2.15 and 2.18, we
notice that FUS and squared surprises are statistically significant for different macroe-
conomic announcements. For example, FUS in unemployment and industrial production
are statistically significant (see Table 2.15) while squared surprises in these announce-
ments are not. Moreover, squared surprises in GDP, nonfarm payrolls and new homes
are significant (see Table 2.12) while FUS in these announcements are not. On the other
hand, FUS and squared surprises in ISM are both statistically significant, at least for
three-year yields.

In a similar vein, comparing Tables 2.16 and 2.19 for TIPS yields, we find that FUS
in core CPI and unemployment are statistically significant, while squared surprises in
industrial production and GDP are significant. Regarding the response of IEs, Tables
2.17 and 2.20 show that FUS and squared surprises in core CPI and GDP are statisti-
cally significant. Moreover, squared surprises in new homes, retail sales, and ISM are
significant while FUS in the aforementioned announcements are not.

FUS and squared surprises are not only mathematically different but also economically
different because the response of Treasury yields, as we illustrated above, is different and
it primarily depends on the macroeconomic announcement.

2.5 Time variation in the response of Treasury yields

In this section we explore time variation in the response of three-year nominal, TIPS and
IEs to macroeconomic surprises and second moments, as in equation 2.5 in Section 2.3.3.
We split our sample into three periods, following Pericoli and Veronese (2016). The three
periods are as follows: a tranquil period extending from March 199936 to July 2007, a
crisis period from August 2007 to March 2009, and a zero lower bound or unconventional
monetary policy period from April 2009 till the end of our sample.

Table 2.21 shows that the sensitivity of yields to macroeconomic surprises and second
moments varies across the macroeconomic regimes. For the tranquil regime and in com-
parison to the full sample results, the sensitivity of yields to surprises in initial claims,
ISM and nonfarm payrolls has strengthened while core CPI is not anymore significant.
As for disagreement, only capacity utilization remains significant in the tranquil regime
while that about ISM, leading indicators and new homes are not significant anymore.

36The starting date of this macroeconomic regime applies to nominal yields. For real yields and BEI
rates, the starting date is June, 2004 as highlighted in section 2.2.



20 Forecast Uncertainty, Disagreement and Financial Markets

Similarly, only uncertainty about nonfarm payrolls remains significant at 5% level. For
the crisis regime, surprises in nonfarm payrolls, initial claims, and retail sales are not
significant anymore, while surprises in leading indicators become significant. In addition
to that, disagreement and uncertainty about new macroeconomic announcements appear
to be significant like GDP, consumer confidence and new homes. Still even after exploring
time variation, disagreement decreases yields while uncertainty increases it. During the
QE regime, we find that the response, in absolute values, to most of the macroeconomic
surprises has decreased compared to the tranquil period, while only the response to retail
sales increased. The reduction in the sensitivity is due to the zero lower bound (ZLB), as
documented by T. Swanson and C. Williams (2014). Moreover, disagreement and uncer-
tainty about macroeconomic announcements are rarely significant, with one exception,
disagreement about capacity utilization.

In summary, there is evidence of time variation in the response of nominal yields to
news and second moments. In particular, the sensitivity to the latter intensifies during
the crisis regime while that of the former diminishes in the regime where the ZLB binds.

Table 2.22 presents estimates of the sensitivity of TIPS yields to macroeconomic sur-
prises and second moments. In comparison to the tranquil regime and in contrast to
nominal yields, most of the sensitivity to macroeconomic surprises does not disappear
in the wake of the financial crisis. In particular, surprises in GDP, initial claims, and
new homes become significant while that in nonfarm payrolls and unemployment fail to
be statistically significant. On the other hand, disagreement and uncertainty about no
macroeconomic announcement is statistically significant during the crisis. During the
QE regime, we observe that surprises in CPI and leading indicators are now significant
which was not the case during the tranquil and crisis regimes, in addition to initial claims,
ISM and nonfarm payrolls. Additionally, disagreement about new homes and uncertainty
about initial claims and nonfarm payrolls become significant. This shows that the finan-
cial crisis and the ZLB did not weaken the response of TIPS yields to macroeconomic
surprises and this is broadly in line with the findings of Zhang (2016), in a sense that
TIPS yields do not become less sensitive to news at the ZLB, in contrast to nominal yields.

With respect to the response of IEs, Table 2.23 shows that in contrast to the full
sample results, disagreement about GDP, capacity utilization and industrial production
are statistically significant during the tranquil period. However, during the financial cri-
sis, the responsiveness to the majority of the surprises and second moments disappears,
except for nonfarm payrolls news. This suggests that during the crisis regime the con-
nection between economic fundamentals and financial markets is muted because of the
panic and chaos that the financial crisis caused and the ZLB which became binding since
December 2008. Although the sensitivity to macroeconomic news during the QE regime
goes back to normal, the response to second moments is rather weak.

In summary, there is evidence of time variation in the response of nominal and TIPS
yields and IEs to macroeconomic surprises and second moments. More specifically, dur-
ing the crisis regime, the responsiveness of nominal and IEs to macroeconomic surprises
weakens. Intuitively, this can be attributed to the ZLB and the financial crisis that weak-
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ened the connection between economic fundamentals and financial markets. However, the
sensitivity of TIPS yields to macroeconomic surprises was not weakened by the crisis and
the presence of ZLB, as Zhang (2016) suggests as well.

2.6 Conclusion

In this paper we study the impact of macroeconomic surprises, disagreement and forecast
uncertainty on short, medium and long-term nominal, TIPS and market-based IEs for the
period extending from 1999 until 2016. Relative to the extant literature, we make three
contributions. First, we study the first moment response of Treasury yields to second
moments (i.e., disagreement and forecast uncertainty), which has not been studied so
far. Second, we put forward a survey-based measure of observable forecast uncertainty
shocks defined as the difference between cross-sectional standard deviation of forecast
errors and forecast disagreement across the analysts in the Bloomberg survey. Third, we
find evidence of asymmetries in the response of TIPS and IEs to macroeconomic surprises
which has not been documented before.

Our results show that second moments affect nominal yields the most, followed by IEs
and TIPS. On the other hand, FUS affect TIPS and IEs the most. Additionally, forecast
uncertainty (shocks) about nonfarm payrolls only affect nominal yields significantly and
their inclusion strengthens the response of the latter by almost one basis point, across all
maturities. Furthermore, the impact of disagreement about economic fundamentals and
forecast uncertainty is different on financial markets since disagreement could simply re-
flect heterogenous but certain expectations and forecast uncertainty sweeps heterogeneity
of the forecasts under the rug. Regarding the sign of the response to second moments
and FUS, it mainly depends on the macroeconomic announcement, the adjustment of
liquidity premia and the prevailing macroeconomic regime. Moreover, we find evidence
for sign and size effects in the response of Treasury yields to macroeconomic surprises. In
particular, for nominal yields, sign effects are concentrated in negative surprises whereas
for TIPS and IEs, they are concentrated in positive surprises. Moreover, size effects are
more present in the response of nominal and IEs rather than in the response of TIPS.



Appendix

2.A Tables for Sections 2.3, 2.4 and 2.5

Table 2.3: Regressions of daily nominal yield changes on macroeconomic surprises

Nominal Yields

Three-year Five-year Ten-year

β̂i β̂i β̂i

Core CPI
0.89 0.74 0.49
(0.54) (0.60) (0.64)

GDP (advance)
-0.05 0.05 0.13
(2.43) (2.25) (1.85)

Initial Claims
-1.22** -1.20** -1.03**
(0.28) (0.30) (0.32)

ISM manufacturing
3.27** 3.39** 3.17**
(0.54) (0.53) (0.52)

Nonfarm Payrolls
4.38** 4.23** 3.59**
(0.66) (0.68) (0.65)

Unemployment
-0.57 -0.38 -0.08
(0.50) (0.52) (0.54)

Capacity utilization
0.77 (0.73) 0.61
(0.82) (0.83) (0.80)

Industrial Production
0.97 0.82 0.50
(0.67) (0.74) (0.81)

Retail Sales
2.93** 2.99** 2.73**
(0.71) (0.79) (0.87)

Consumer Confidence
0.53 0.49 0.39
(0.57) (0.62) (0.65)

Leading Indicators
0.48 0.58 0.72
(0.38) (0.46) (0.57)

New homes
0.29 0.24 0.16
(0.55) (0.56) (0.54)

Observations 2188 2190 2192
R2 0.067 0.059 0.043

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂i pertain to OLS estimates of regression (2.3). The dependent
variable is the daily change, in basis points, of nominal yields. **
denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in paranthesis. Sample
period: October 30, 1998 to November 29, 2016. H0 : β = 0 (p-value)
is for the test that all the coefficients in regression (2.3) are zero.
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Table 2.4: Regressions of daily TIPS yield changes on macroeconomic surprises

TIPS Yields

Three-year Five year Ten-year

β̂i β̂i β̂i

Core CPI
-2.02** -1.51** -1.00**
(0.6) (0.57) (0.49)

GDP (advance)
0.67 1.01 0.62
(0.91) (0.89) (0.84)

Initial Claims
-0.95** -0.86** -0.66**
(0.25) (0.24) (0.23)

ISM manufactuirng
2.34** 2.21** 1.99**
(0.61) (0.45) (0.38)

Nonfarm Payrolls
2.55** 2.80** 2.61**
(0.89) (0.83) (0.63)

Unemployment
-1.15* -1.05* -0.79
(0.63) (0.58) (0.49)

Capacity utilization
0.59 0.54 0.31
(0.71) (0.66) (0.60)

Industrial Production
-0.45 0.50 0.60
(1.42) (0.62) (0.47)

Retail Sales
1.61** 1.89** 1.47**
(0.40) (0.34) (0.37)

Consumer Confidence
-0.28 -0.45 -0.15
(0.61) (0.62) (0.54)

Leading Indicators
0.97** 0.93** 1.13**
(0.42) (0.42) (0.39)

New homes
0.45 0.42 0.24
(0.40) (0.38) (0.32)

Observations 1512 1512 1512
R2 0.046 0.054 0.049

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂i pertain to OLS estimates of regression (2.3). The dependent
variable is the daily change, in basis points, of liquidity-adjusted TIPS
yields. ** denotes significance at 5% level and * at 10% level. HAC
standard errors with Bartlett kernel are used and shown in paranthe-
sis. Sample period: June 1, 2004 to November 29, 2016. H0 : β = 0
(p-value) is for the test that all the coefficients in regression (2.3) are
zero.
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Table 2.5: Regressions of daily IEs changes on macroeconomic surprises

IEs

Three-year Five year Ten-year

β̂i β̂i β̂i

Core CPI
2.44** 1.50** 1.08**
(0.57) (0.56) (0.37)

GDP (advance)
0.81 0.61 0.59
(0.96) (1.01) (0.53)

Initial Claims
-0.39* -0.57** -0.63**
(0.21) (0.18) (0.18)

ISM manufactuirng
0.64* 0.58 0.54
(0.37) (0.52) (0.33)

Nonfarm Payrolls
2.59** 2.12** 1.28**
(0.54) (0.37) (0.30)

Unemployment
0.26 0.34 0.15
(0.49) (0.40) (0.30)

Capacity utilization
1.87** 1.58** 1.06**
(0.80) (0.77) (0.45)

Industrial Production
-0.91 -1.39 -1.43**
(1.28) (1.04) (0.53)

Retail Sales
0.90 0.82 1.06**
(0.68) (0.60) (0.34)

Consumer Confidence
0.86* 0.93* 0.65**
(0.48) (0.48) (0.29)

Leading Indicators
-1.13** -0.90** -0.43
(0.51) (0.42) (0.51)

New homes
0.25 0.24 0.38*
(0.36) (0.34) (0.22)

Observations 1514 1514 1514
R2 0.034 0.033 0.047

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂i pertain to OLS estimates of regression (2.3). The dependent
variable is the daily change, in basis points, of liquidity-adjusted BEI
rates. ** denotes significance at 5% level and * at 10% level. HAC
standard errors with Bartlett kernel are used and shown in paranthe-
sis. Sample period: June 1, 2004 to November 29, 2016. H0 : β = 0
(p-value) is for the test that all the coefficients in regression (2.3) are
zero.
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Table 2.6: Regressions of daily nominal yield changes on disagreement and forecast un-
certainty

Nominal Yields

Three-year Five-year Ten-year

γ̂i δ̂i γ̂i δ̂i γ̂i δ̂i

Core CPI
0.04 -0.22 0.02 -0.26 -0.53 -0.29
(0.31) (0.63) (0.33) (0.67) (0.41) (0.69)

GDP (advance)
-0.22 -0.92 -0.44 -0.60 -0.66 -0.16
(1.42) (2.67) (1.37) (2.48) (1.22) (2.06)

Initial Claims
0.56 -0.56 0.61 -0.58 0.59 -0.55
(0.37) (0.36) (0.42) (0.39) (0.45) (0.42)

ISM manufactuirng
-0.71* 0.79 -0.66* 0.80 -0.50 0.71
(0.36) (0.77) (0.36) (0.75) (0.34) (0.69)

Nonfarm Payrolls
0.13 -0.58 0.04 -0.66 -0.04 -0.69
(0.62) (0.84) (0.63) (0.80) (0.61) (0.69)

Unemployment
0.31 -0.21 0.49 -0.31 0.66 -0.45
(0.59) (0.57) (0.59) (0.58) (0.54) (0.57)

Capacity utilization
-0.60 0.35 -0.73 0.39 -0.82 0.43
(0.43) (0.59) (0.49) (0.66) (0.54) (0.74)

Industrial Production
1.04 -1.32 0.97 -1.18 0.77 -0.83
(0.73) (0.84) (0.76) (0.83) (0.78) (0.80)

Retail Sales
-0.78 1.16 -0.83 0.93 -0.78 0.52
(0.74) (1.36) (0.80) (1.47) (0.84) (1.48)

Consumer Confidence
-0.59* 0.36 -0.61 0.30 -0.53 0.18
(0.35) (0.51) (0.38) (0.57) (0.41) (0.63)

Leading Indicators
-1.56* 1.62* -1.84** 1.91** -2.02** 2.08**
(0.92) (0.92) (0.80) (0.84) (0.83) 0.90

New homes
-3.09** 1.97* -2.89** 1.84 -2.39* 1.55
(1.29) (1.10) (1.36) (1.12) (1.35) (1.09)

Observations 2188 2190 2192
R2 0.016 0.015 0.012

H0 : β = 0 (p-value) 0.07 0.09 0.17

Notes: γ̂i and δ̂i pertain to OLS estimates of regression (2.4). The dependent variable
is the daily change, in basis points, of nominal yields. ** denotes significance at 5%
level and * at 10% level. HAC standard errors with Bartlett kernel are used and shown
in parentheses. Sample period: October 30, 1998 to November 29, 2016. H0 : β = 0
(p-value) is for the test that all the coefficients in regression (2.4) are zero.
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Table 2.7: Regressions of daily TIPS yield changes on disagreement and forecast uncer-
tainty

TIPS Yields

Three-year Five year Ten-year

γ̂i δ̂i γ̂i δ̂i γ̂i δ̂i

Core CPI
-0.36 0.40 -0.25 0.09 -0.30 0.16
(0.31) (0.50) (0.26) (0.43) (0.22) (0.34)

GDP (advance)
-0.67 -0.51 -0.55 -0.46 -0.36 -0.25
(0.53) (0.73) (0.43) (0.64) (0.53) (0.75)

Initial Claims
-0.10 0.008 0.06 0.007 -0.09 0.04
(0.25) (0.06) (0.21) (0.05) (0.24) (0.06)

ISM manufactuirng
-0.02 -0.70 -0.01 -0.29 -0.12 0.09
(0.43) (0.87) (0.36) (0.72) (0.32) (0.64)

Nonfarm Payrolls
0.20 0.37 0.07 0.12 0.13 -0.21
(0.88) (1.10) (0.76) (1.02) (0.59) (0.73)

Unemployment
0.13 -0.67 0.42 -0.58 0.52 -0.49
(0.64) (0.71) (0.65) (0.69) (0.54) (0.58)

Capacity utilization
-1.29* 0.98 -0.75* 0.27 -0.56 -0.10
(0.68) (1.20) (0.43) (0.64) (0.37) (0.52)

Industrial Production
0.69 0.38 1.13 -0.61 1.16** -0.81
(1.03) (1.53) (0.72) (0.87) (0.58) (0.61)

Retail Sales
-0.15 0.59 0.12 0.22 0.15 0.01
(0.46) (0.53) (0.44) (0.53) (0.35) (0.45)

Consumer Confidence
0.72 -0.94 0.52 -0.69 0.56 -0.84
(0.73) (0.94) (0.65) (0.87) (0.53) (0.71)

Leading Indicators
-0.85 1.36* -0.54 0.99 -0.31 0.77
(0.71) (0.75) (0.63) (0.68) (0.51) (0.56)

New homes
0.70* -0.23 0.67* -0.23 0.37 -0.22
(0.42) (0.51) (0.39) (0.50) (0.35) (0.43)

Observations 1512 1512 1512
R2 0.031 0.02 0.017

H0 : β = 0 (p-value) 0.002 0.040 0.530

Notes: γ̂i and δ̂i pertain to OLS estimates of regression (2.4). The dependent variable
is the daily change, in basis points, of liquidity-adjusted TIPS yields. ** denotes
significance at 5% level and * at 10% level. HAC standard errors with Bartlett kernel
are used and shown in parentheses. Sample period: June 1, 2004 to November 29,
2016. H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.4)
are zero.
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Table 2.8: Regressions of daily IEs changes on disagreement and forecast uncertainty

IEs

Three-year Five year Ten-year

γ̂i δ̂i γ̂i δ̂i γ̂i δ̂i

Core CPI
0.64 -1.06 0.42 -0.65 0.29 -0.57
(0.48) (0.73) (0.40) (0.65) (0.22) (0.42)

GDP (advance)
-0.49 1.36 -0.73 1.59* -0.15 0.47
(0.68) (0.99) (0.52) (0.83) (0.37) (0.54)

Initial Claims
0.54 -0.12* 0.33 -0.10** 0.41** -0.07
(0.38) (0.06) (0.27) (0.05) (0.18) (0.05)

ISM manufactuirng
-0.11 0.36 -0.04 0.09 0.13 -0.04
(0.27) (0.43) (0.27) (0.53) (0.17) (0.32)

Nonfarm Payrolls
-0.09 -0.47 0.08 -0.76 0.02 -0.39
(0.74) (0.79) (0.59) (0.51) (0.56) (0.32)

Unemployment
0.04 0.76 0.12 0.47 0.16 0.20
(0.52) (0.47) (0.46) (0.37) (0.41) (0.28)

Capacity utilization
1.04* -1.75 0.64 -0.92 0.10 -0.20
(0.58) (1.10) (0.51) (0.92) (0.27) (0.57)

Industrial Production
-0.58 0.51 -0.58 0.59 -0.71 0.97
(1.03) (1.71) (0.93) (1.53) (0.56) (0.86)

Retail Sales
0.35 -1.41** -0.05 -0.94* -0.03 -0.44
(0.37) (0.43) (0.44) (0.48) (0.35) (0.39)

Consumer Confidence
-0.49 0.35 -0.23 0.02 -0.30 0.34
(0.61) (0.77) (0.44) (0.60) (0.29) (0.41)

Leading Indicators
1.44 -1.48 0.91 -1.05 -0.35 -0.02
(1.88) (1.78) (1.22) (1.17) (0.42) (0.47)

New homes
-0.21 0.02 0.15 -0.33 0.18 -0.03
(0.37) (0.39) (0.39) (0.37) (0.21) (0.26)

Observations 1514 1514 1514
R2 0.025 0.022 0.023

H0 : β = 0 (p-value) 0.021 0.026 0.35

Notes: γ̂i and δ̂i pertain to OLS estimates of regression (2.4). The dependent variable
is the daily change, in basis points, of liquidity-adjusted IEs. ** denotes significance
at 5% level and * at 10% level. HAC standard errors with Bartlett kernel are used
and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.4) are
zero.
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Table 2.9: Regressions of daily nominal yield changes on macroeconomic news, disagree-
ment and forecast uncertainty

Nominal Yields

Three-year Five year Ten-year

φi θi ρi φi θi ρi φi θi ρi

Core CPI
0.96* 0.04 -0.24 0.82 0.02 -0.27 0.56 −0.00 -0.30
(0.54) (0.28) (0.56) (0.60) (0.31) (0.61) (0.64) (0.33) (0.64)

GDP (advance)
-0.13 -0.04 -1.125 0.006 -0.28 -0.79 0.14 -0.54 -0.30
(2.66) (1.62) (2.96) (2.46) (1.55) (2.74) (2.02) (1.35) (2.26)

Initial Claims
-1.19** 0.56 -0.47 -1.18** 0.61 -0.50 -1.01** 0.58 -0.48
(0.27) (0.39) (0.34) (0.29) (0.44) (0.37) (0.31) (0.46) (0.39)

ISM manufacturing
3.34** -0.56* 0.37 3.43** -0.50* 0.37 3.17** -0.36 0.31
(0.53) (0.30) (0.55) (0.51) (0.29) (0.53) (0.50) (0.29) (0.51)

Nonfarm Payrolls
5.32** -0.01 1.56** 5.11** -0.09 1.40** 4.29** -0.16 1.04*
(0.64) (0.46) (0.67) (0.62) (0.50) (0.64) (0.60) (0.53) (0.61)

Unemployment
-0.54 -0.18 -0.35 -0.34 -0.005 -0.39 -0.03 0.21 -0.44
(0.50) (0.35) (0.54) (0.53) (0.37) (0.57) (0.56) (0.39) (0.59)

Capacity utilization
1.18 -0.85* 0.70 1.18 -0.98* 0.71 1.06 -1.03* 0.67
(0.88) (0.47) (0.66) (0.89) (0.53) (0.73) (0.87) (0.57) (0.79)

Industrial Production
0.62 0.91 -0.88 0.43 -0.80 -0.80 0.11 0.74 -0.59
(0.74) (0.73) (0.78) (0.82) (0.78) (0.79) (0.89) (0.80) (0.78)

Retail Sales
2.93** -0.37 0.29 3.10** -0.41 0.02 2.96** -0.39 -0.34
(0.73) (0.61) (0.87) (0.79) (0.65) (0.95) (0.85) (0.70) (1.03)

Consumer Confidence
0.45 -0.56 0.34 0.42 -0.59 0.28 0.33 -0.51 0.16
(0.58) (0.35) (0.51) (0.63) (0.38) (0.57) (0.66) (0.41) (0.63)

Leading Indicators
0.37 -1.48* 1.52* 0.47 -1.75** 1.77** 0.61 -1.91** 1.90**
(0.38) (0.89) (0.89) (0.46) (0.79) (0.82) (0.57) (0.84) (0.91)

New homes
0.03 -3.08** 1.94 0.006 -2.90* 1.82 -0.03 -2.43 1.56
(0.65) (1.48) (1.29) (0.67) (1.56) (1.32) (0.65) (1.53) (1.28)

Observations 2188 2190 2192
R2 0.087 0.077 0.058

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: φ̂i, θ̂i and ρ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the daily change,
in basis points, of nominal yields. ** denotes significance at 5% level and * at 10% level. HAC standard errors
with Bartlett kernel are used and shown in parentheses. Sample period: October 30, 1998 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.5) are zero.
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Table 2.10: Regressions of daily TIPS yield changes on macroeconomic news, disagree-
ment and forecast uncertainty

TIPS Yields

Three-year Five year Ten-year

φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i

Core CPI
-1.90** -0.36 0.33 -1.55** -0.28 0.06 -1.10** -0.31 0.14
(0.59) (0.29) (0.49) (0.61) (0.26) (0.43) (0.54) (0.22) (0.36)

GDP (advance)
0.20 -0.58 -0.56 0.64 -0.57 -0.31 0.38 -0.35 -0.19
(0.76) (0.59) (0.85) (0.92) (0.50) (0.81) (0.89) (0.58) (0.83)

Initial Claims
-0.90** -0.12 0.02 -0.85** 0.05 0.02 -0.66** -0.10 0.06
(0.26) (0.24) (0.06) (0.25) (0.22) (0.06) (0.24) (0.24) (0.06)

ISM manufactuirng
2.48** 0.04 -0.85* 2.27** 0.04 -0.43 1.99** -0.07 -0.023
(0.55) (0.31) (0.50) (0.43) (0.26) (0.38) (0.38) (0.24) (0.36)

Nonfarm Payrolls
2.75** 0.29 0.74 2.96** 0.29 0.55 2.72** 0.20 0.19
(0.78) (0.78) (0.94) (0.71) (0.46) (0.84) (0.55) (0.48) (0.60)

Unemployment
-1.28** 0.03 -0.94 -1.15* 0.29 -0.81 -0.86* 0.39 -0.65
(0.75) (0.49) (0.78) (0.66) (0.46) (0.72) (0.51) (0.37) (0.58)

Capacity utilization
1.83* -1.49** 1.20 1.28 -0.91** 0.45 0.76 -0.65* -0.006
(0.97) (0.68) (1.22) (0.78) (0.41) (0.68) (0.66) (0.36) (0.57)

Industrial Production
-0.86 0.91 0.26 0.10 1.16 -0.42 0.24 1.14* -0.63
(1.28) (0.93) (1.26) (0.74) (0.73) (0.81) (0.60) (0.60) (0.61)

Retail Sales
1.71** -0.21 0.74* 1.95** 0.07 0.38 1.50** 0.11 0.13
(0.36) (0.41) (0.42) (0.35) (0.38) (0.40) (0.40) (0.32) (0.43)

Consumer Confidence
-0.28 0.72 -0.93 -0.45 0.52 -0.67 -0.12 0.57 -0.82
(0.63) (0.73) (0.94) (0.64) (0.65) (0.87) (0.56) (0.53) (0.71)

Leading Indicators
0.82* -0.59 1.08 0.83* -0.29 0.71 1.04** -0.05 0.45
(0.44) (0.69) (0.72) (0.42) (0.61) (0.63) (0.38) (0.48) (0.51)

New homes
0.47 0.80* -0.35 0.47 0.77* -0.35 0.31 0.45 -0.31
(0.45) (0.44) (0.56) (0.41) (0.05) (0.53) (0.34) (0.37) (0.45)

Observations 1512 1512 1512
R2 0.080 0.070 0.06

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: φ̂i, θ̂i and ρ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the daily change, in
basis points, of liquidity-adjusted TIPS yields. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.5) are zero.
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Table 2.11: Regressions of daily IEs changes on macroeconomic news, disagreement and
forecast uncertainty

IEs

Three-year Five year Ten-year

φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i

Core CPI
2.31** 0.53 -0.72 1.45** 0.35 -0.43 1.12** 0.25 -0.41
(0.53) (0.46) (0.66) (0.51) (0.39) (0.60) (0.36) (0.19) (0.34)

GDP (advance)
1.55** -0.77 1.98** 1.41* -0.96* 2.12** 0.93** -0.27 0.78
(0.61) (0.68) (0.95) (0.81) (0.55) (0.89) (0.42) (0.40) (0.58)

Initial Claims
-0.40** 0.58 -0.12* -0.55** 0.37 -0.10** -0.62** 0.44** -0.07
(0.20) (0.36) (0.06) (0.17) (0.26) (0.04) (0.18) (0.16) (0.04)

ISM manufactuirng
0.57 -0.08 0.33 0.55 -0.01 0.06 0.50 0.16 -0.08
(0.39) (0.26) (0.41) (0.55) (0.26) (0.52) (0.33) (0.16) (0.32)

Nonfarm Payrolls
2.66** -0.12 0.07 2.11** 0.05 -0.32 1.31** 0.013 -0.12
(0.55) (0.59) (0.57) (0.38) (0.47) (0.38) (0.30) (0.50) (0.30)

Unemployment
0.64 -0.22 0.99** 0.58 -0.09 0.67* 0.29 0.04 0.31
(0.52) (0.39) (0.47) (0.41) (0.35) (0.36) (0.30) (0.34) (0.27)

Capacity utilization
1.05 0.66 -1.38 1.17 0.34 -0.61 1.03** -0.13 0.05
(0.96) (0.65) (1.21) (0.90) (0.57) (1.02) (0.51) (0.28) (0.60)

Industrial Production
-0.41 -0.46 0.64 -1.13 -0.34 0.41 -1.30** -0.45 0.68
(0.99) (1.01) (1.53) (0.81) (0.93) (1.39) (0.43) (0.56) (0.78)

Retail Sales
0.74 0.38 -1.36** 0.71 -0.05 -0.87* 1.01** -0.06 -0.35
(0.54) (0.38) (0.48) (0.46) (0.43) (0.51) (0.29) (0.32) (0.33)

Consumer Confidence
0.89** -0.47 0.32 0.95* -0.21 -0.01 0.63** -0.29 0.32
(0.48) (0.60) (0.75) (0.49) (0.44) (0.59) (0.28) (0.29) (0.39)

Leading Indicators
-1.09** 1.21 -1.17 -0.85* 0.74 -0.82 -0.36 -0.42 0.08
(0.45) (1.90) (1.80) (0.44) (1.23) (1.18) (0.50) (0.41) (0.45)

New homes
0.31 -0.12 -0.13 0.35 0.24 -0.49 0.43 0.28 -0.21
(0.38) (0.38) (0.46) (0.35) (0.41) (0.44) (0.26) (0.21) (0.29)

Observations 1514 1514 1514
R2 0.057 0.053 0.069

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: φ̂i, θ̂i and ρ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the daily change,
in basis points, of liquidity-adjusted IEs. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.5) are zero.
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Table 2.12: Regressions of daily nominal yield changes on macroeconomic news and FUS

Nominal Yields

Three-year Five-year Ten-year

γ̂i θ̂i γ̂i θ̂i γ̂i θ̂i

Core CPI
0.91* -0.16 0.75 -0.27 0.48 -0.40
(0.54) (0.42) (0.59) (0.46) (0.63) (0.48)

GDP (advance)
-0.19 -1.58 -0.07 -1.42 0.04 -1.10
(2.60) (2.03) (2.41) (1.87) (1.98) (1.52)

Initial Claims
-1.22** -0.09 -1.20** -0.09 -1.03** -0.09
(0.28) (0.24) (0.30) (0.25) (0.32) (0.27)

ISM manufactuirng
3.33** -0.28 3.42** -0.18 3.17** -0.01
(0.54) (0.42) (0.52) (0.41) (0.51) (0.40)

Nonfarm Payrolls
5.30** 1.68** 5.12** 1.61** 4.35** 1.34**
(0.62) (0.53) (0.60) (0.51) (0.59) (0.49)

Unemployment
-0.50 -0.20 -0.30 -0.15 0.002 -0.09
(0.50) (0.43) (0.54) (0.46) (0.57) (0.48)

Capacity utilization
0.96 0.91* 0.92 0.89 0.77 0.79
(0.87) (0.54) (0.86) (0.60) (0.82) (0.65)

Industrial Production
0.84 -0.57 0.66 -0.62 0.34 -0.60
(0.73) (0.51) (0.79) (0.52) (0.84) (0.53)

Retail Sales
2.90** 0.11 3.07** -0.23 2.94** -0.66
(0.71) (0.59) (0.78) (0.65) (0.84) (0.70)

Consumer Confidence
0.52 -0.08 0.49 -0.17 0.39 -0.23
(0.58) (0.41) (0.63) (0.45) (0.66) (0.48)

Leading Indicators
0.38 0.35 0.48 0.37 0.61 0.35
(0.39) (0.30) (0.46) (0.35) (0.57) (0.41)

New homes
0.20 0.39 0.16 0.38 0.07 0.37
(0.63) (0.54) (0.65) (0.54) (0.63) (0.51)

Observations 2188 2190 2192
R2 0.07 0.06 0.04

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: γ̂i and θ̂i pertain to OLS estimates of regression (2.6). The dependent variable is the
daily change, in basis points, of nominal yields. ** denotes significance at 5% level and *
at 10% level. HAC standard errors with Bartlett kernel are used and shown in parentheses.
Sample period: October 30, 1998 to November 29, 2016. H0 : β = 0 (p-value) is for the test
that all the coefficients in regression (2.6) are zero.
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Table 2.13: Regressions of daily TIPS yield changes on macroeconomic news and FUS

TIPS Yields

Three-year Five year Ten-year

γ̂i θ̂i γ̂i θ̂i γ̂i θ̂i

Core CPI
-1.96** -0.30 -1.57** -0.52 -1.10** -0.45
(0.59) (0.42) (0.60) (0.42) (0.53) (0.36)

GDP (advance)
-0.22 -1.93** 0.26 -1.62** 0.14 -1.04*
(0.68) (0.47) (0.83) (0.57) (0.82) (0.55)

Initial Claims
-0.95** -0.00 -0.87** 0.04 -0.68** 0.15
(0.25) (0.22) (0.25) (0.20) (0.24) (0.19)

ISM manufactuirng
2.49** -1.12** 2.29** -0.62** 2.02** -0.25
(0.54) (0.39) (0.43) (0.30) (0.38) (0.26)

Nonfarm Payrolls
2.71** 0.94 2.95** 0.79 2.73** 0.53
(0.78) (0.77) (0.71) (0.71) (0.55) (0.52)

Unemployment
-1.24* -0.69 -1.10* -0.51 -0.79 -0.27
(0.74) (0.72) (0.66) (0.65) (0.52) (0.49)

Capacity utilization
1.24 1.39 0.82 0.76 0.35 0.30
(0.93) (1.10) (0.78) (0.57) (0.66) (0.43)

Industrial Production
-0.52 0.16 0.39 -0.12 0.50 -0.25
(1.29) (0.73) (0.68) (0.52) (0.54) (0.43)

Retail Sales
1.69** 0.67** 1.95** 0.48* 1.50** 0.20
(0.36) (0.26) (0.34) (0.25) (0.39) (0.30)

Consumer Confidence
-0.30 0.01 -0.46 -0.08 -0.14 -0.21
(0.62) (0.32) (0.63) (0.34) (0.55) (0.29)

Leading Indicators
0.79* 0.74** 0.79* 0.58* 1.01** 0.50*
(0.44) (0.32) (0.42) (0.30) (0.38) (0.27)

New homes
0.34 0.50 0.35 0.38 0.26 0.08
(0.42) (0.34) (0.39) (0.32) (0.34) (0.28)

Observations 1512 1512 1512
R2 0.06 0.06 0.05

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: γ̂i and θ̂i pertain to OLS estimates of regression (2.6). The dependent variable is the
daily change, in basis points, of liquidity-adjusted TIPS yields. ** denotes significance at 5%
level and * at 10% level. HAC standard errors with Bartlett kernel are used and shown in
parentheses. Sample period: June 1, 2004 to November 29, 2016. H0 : β = 0 (p-value) is for
the test that all the coefficients in regression (2.6) are zero.
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Table 2.14: Regressions of daily IEs changes on macroeconomic news and FUS

IEs

Three-year Five year Ten-year

γ̂i θ̂i γ̂i θ̂i γ̂i θ̂i

Core CPI
2.36** -0.07 1.48** 0.00 1.05** -0.24
(0.53) (0.38) (0.51) (0.39) (0.36) (0.25)

GDP (advance)
1.55** 1.55** 1.33 1.51** 0.93** 0.73**
(0.65) (0.52) (0.84) (0.61) (0.43) (0.32)

Initial Claims
-0.35* -0.27 -0.53** -0.28* -0.61** -0.10
(0.20) (0.19) (0.17) (0.15) (0.18) (0.14)

ISM manufactuirng
0.57 0.25 0.55 0.04 0.50 0.18
(0.39) (0.30) (0.55) (0.42) (0.35) (0.27)

Nonfarm Payrolls
2.66** -0.03 2.12** -0.27 1.31** -0.02
(0.56) (0.47) (0.39) (0.30) (0.31) (0.22)

Unemployment
0.61 0.83** 0.58 0.67* 0.31 0.39
(0.52) (0.40) (0.41) (0.31) (0.31) (0.24)

Capacity utilization
1.32 -1.38 1.35 -0.65 1.05** -0.067
(0.95) (1.10) (0.89) (0.93) (0.49) (0.58)

Industrial Production
-0.55 0.68 -1.20 0.39 -1.34** 0.26
(1.06) (1.04) (0.86) (0.98) (0.44) (0.57)

Retail Sales
0.77 -1.36** 0.71 -1.21** 1.02** -0.51**
(0.52) (0.40) (0.45) (0.36) (0.28) (0.19)

Consumer Confidence
0.91* -0.48* 0.97** -0.40 0.65** -0.09
(0.48) (0.28) (0.49) (0.29) (0.29) (0.18)

Leading Indicators
-1.13** -0.04 -0.87** -0.16 -0.34 -0.36
(0.51) (0.37) (0.43) (0.29) (0.50) (0.32)

New homes
0.35 -0.40 0.32 -0.34 0.36 0.04
(0.35) (0.29) (0.32) (0.25) (0.26) (0.20)

Observations 1514 1514 1514
R2 0.049 0.048 0.056

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: γ̂i and θ̂i pertain to OLS estimates of regression (2.6). The dependent variable is
the daily change, in basis points, of liquidity-adjusted IEs. ** denotes significance at 5%
level and * at 10% level. HAC standard errors with Bartlett kernel are used and shown in
parentheses. Sample period: June 1, 2004 to November 29, 2016. H0 : β = 0 (p-value) is for
the test that all the coefficients in regression (2.6) are zero.



34 Forecast Uncertainty, Disagreement and Financial Markets

Table 2.15: Regressions of daily nominal yield changes on signed and squared surprises

Nominal Yields

Three-year Five year Ten-year

β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i

Core CPI
-0.05 1.83 0.66 -0.43 1.93 0.68 -0.77 1.78 0.55
(1.96) (1.68) (1.42) (2.18) (1.79) (1.55) (2.35) (1.84) (1.64)

GDP (advance)
-7.08 6.83** 3.83* -7.92 7.87** 4.65** -8.28 8.41** 5.25**
(7.20) (3.26) (2.28) (6.70) (3.24) (2.28) (5.61) (3.07) (2.23)

Initial Claims
-0.91 -1.46* -0.38 -1.20 -1.13 -0.12 -1.45 -0.54 0.23
(0.83) (0.80) (0.63) (0.87) (0.84) (0.69) (0.91) (0.86) (0.73)

ISM manufactuirng
0.75 5.81** 1.77* 0.87 5.88** 1.81 1.00 5.24** 1.62
(1.29) (1.37) (1.04) (1.35) (1.46) (1.11) (1.40) (1.51) (1.14)

Nonfarm Payrolls
4.54** 6.70** 2.89** 4.17** 6.75** 2.98** 3.27** 6.05** 2.73*
(1.46) (1.53) (1.07) (1.46) (1.59) (1.07) (1.43) (1.63) (1.04)

Unemployment
0.65 -1.75 -0.66 0.75 -1.39 -0.50 0.84 -0.83 -0.30
(1.77) (1.83) (1.47) (1.91) (1.94) (1.57) (2.05) (1.98) (1.67)

Capacity utilization
0.46 1.10 0.19 -0.27 1.72 1.23 -1.10 2.27 2.38
(3.77) (2.86) (3.51) (3.51) (2.77) (3.24) (3.05) (2.57) (2.79)

Industrial Production
1.18 0.91 0.15 1.18 0.78 -0.40 0.94 0.61 -0.91
(2.95) (2.42) (2.87) (2.75) (2.37) (2.63) (2.40) (2.21) (2.25)

Retail Sales
2.36 3.15** 0.51 2.19 3.81** 0.39 1.75 4.19** 0.16
(2.01) (1.25) (1.14) (2.25) (1.31) (1.24) (2.42) (1.37) (1.31)

Consumer Confidence
-1.95 3.01* 1.85 -3.20* 4.23** 2.75** -4.12** 4.97** 3.35**
(1.60) (1.61) (1.18) (1.78) (1.77) (1.33) (1.91) (1.88) (1.44)

Leading Indicators
0.075 0.79 0.51 -0.08 1.12 0.75 -0.28 1.55 1.03
(1.18) (1.37) (0.87) (1.47) (1.51) (1.04) (1.84) (1.72) (1.27)

New homes
2.67** -1.75 -1.55* 2.84** -1.89 -1.86** 2.82* -1.93 -2.05**
(1.31) (1.42) (0.88) (1.35) (1.47) (0.87) (1.33) (1.44) (0.83)

Observations 2188 2190 2192
R2 0.083 0.075 0.058

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂1i, β̂2i and β̂3i pertain to OLS estimates of regression (2.7). The dependent variable is the daily change,
in basis points, of nominal yields. ** denotes significance at 5% level and * at 10% level. HAC standard errors
with Bartlett kernel are used and shown in parentheses. Sample period: October 30, 1998 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.7) are zero.
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Table 2.16: Regressions of daily TIPS yield changes on signed and squared surprises

TIPS Yields

Three-year Five year Ten-year

β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i

Core CPI
-4.88** 1.31 1.73 -4.59** 1.57 1.59 -3.11** 0.86 0.87
(1.85) (1.68) (1.08) (1.95) (1.58) (1.01) (1.67) (1.39) (0.80)

GDP (advance)
-5.54** 5.41** 2.30 -5.28** 6.10** 3.02 -4.63** 5.10** 3.04*
(2.18) (2.17) (1.78) (2.30) (2.16) (1.83) (2.35) (2.12) (1.81)

Initial Claims
-1.24 -0.53 0.13 -0.93 -0.74 0.05 -0.73 -0.59 0.20
(0.76) (0.68) (0.61) (0.76) (0.64) (0.60) (0.72) (0.59) (0.59)

ISM manufactuirng
0.60 4.37** 0.11 1.27 3.30** 0.04 1.36 2.65** 0.19
(1.23) (1.41) (0.83) (1.06) (1.16) (0.60) (1.03) (0.99) (0.54)

Nonfarm Payrolls
1.64 4.02 1.95 2.45 3.62 1.33 2.31 3.26 0.93
(3.50) (2.91) (2.82) (3.32) (2.71) (2.74) (2.35) (2.01) (1.88)

Unemployment
-1.03 -1.48 -0.79 -0.89 -1.27 -0.52 -0.35 -1.21 -0.45
(2.32) (2.39) (1.77) (2.16) (2.23) (1.76) (1.82) (1.83) (1.50)

Capacity utilization
2.34 -0.38 -1.76 0.55 0.41 -0.89 -0.58 0.71 -0.36
(3.38) (2.87) (3.57) (3.08) (2.58) (3.21) (2.65) (2.21) (2.70)

Industrial Production
-2.87 3.62 5.84* 0.66 0.79 1.58 1.70 -0.58 -0.32
(3.08) (2.64) (3.53) (2.58) (2.15) (2.86) (2.14) (1.81) (2.31)

Retail Sales
1.76 1.56* 0.54 2.57** 1.34 -0.10 2.50** 0.54 -0.79
(1.10) (0.91) (0.61) (1.06) (0.84) (0.57) (1.06) (0.87) (0.70)

Consumer Confidence
-1.11 0.51 0.67 -2.47 1.63 1.64 -1.24 0.98 0.75
(2.43) (2.80) (1.89) (2.25) (2.52) (1.71) (1.87) (2.07) (1.35)

Leading Indicators
2.97** -1.22 -1.17 2.92** -1.18 -1.27 2.52** -0.38 -0.70
(1.17) (1.43) (0.84) (1.13) (1.27) (0.79) (1.04) (1.15) (0.77)

New homes
1.13 -0.30 -0.22 1.11 -0.28 -0.28 0.29 0.20 0.02
(1.01) (0.99) (0.80) (0.97) (0.91) (0.78) (0.89) (0.81) (0.70)

Observations 1512 1512 1512
R2 0.08 0.07 0.06

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂1i, β̂2i and β̂3i pertain to OLS estimates of regression (2.7). The dependent variable is the daily change,
in basis points, of liquidity-adjusted TIPS yields. ** denotes significance at 5% level and * at 10% level. HAC
standard errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November
29, 2016. H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.7) are zero.
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Table 2.17: Regressions of daily IEs changes on signed and squared surprises

IEs

Three-year Five year Ten-year

β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i

Core CPI
5.56** -1.23 -2.46** 4.00** -1.23 -1.83 2.97** -0.94 -1.61*
(1.48) (1.49) (0.99) (1.51) (1.59) (1.18) (1.10) (1.23) (0.86)

GDP (advance)
1.27 1.44 1.90 -0.30 2.57 2.94** -0.05 1.80* 1.63**
(2.11) (1.78) (1.45) (1.77) (1.66) (1.28) (1.19) (0.98) (0.75)

Initial Claims
0.10 -0.81 -0.65 -0.41 -0.62 -0.41 -0.62 -0.59 -0.03
(0.59) (0.71) (0.42) (0.51) (0.52) (0.33) (0.47) (0.39) (0.38)

ISM manufactuirng
1.77** -0.57 -0.60 1.75* -0.54 -0.94* 1.65** -0.57 -0.76**
(0.95) (0.87) (0.48) (0.99) (1.02) (0.56) (0.66) (0.65) (0.36)

Nonfarm Payrolls
2.93** 2.37 -0.31 1.41 2.88** 0.20 1.71** 0.88 -0.40
(1.48) (1.79) (1.31) (1.04) (1.23) (0.67) (0.90) (1.01) (0.56)

Unemployment
1.63 -0.39 0.26 1.64 -0.52 0.01 0.64 -0.02 0.15
(1.39) (1.32) (0.89) (1.19) (1.02) (0.68) (1.00) (0.84) (0.53)

Capacity utilization
0.36 3.12 1.68 -0.09 3.26 2.15 0.051 2.32 1.12
(3.38) (2.82) (3.61) (3.18) (2.73) (3.45) (1.88) (1.53) (1.80)

Industrial Production
2.00 -4.55 -4.34 0.84 -3.79 -3.16 -0.88 -1.41 0.02
(3.10) (2.80) (3.42) (2.85) (2.59) (3.13) (1.60) (1.49) (1.66)

Retail Sales
0.55 1.07 -1.49* 0.49 0.99 -1.50* 1.31** 0.75 -0.95**
(1.22) (1.34) (0.89) (1.01) (0.99) (0.80) (0.64) (0.63) (0.44)

Consumer Confidence
-1.04 2.94 1.05 -0.83 2.84* 1.02 -0.91 2.29** 1.15
(1.76) (2.19) (1.30) (1.70) (1.68) (1.21) (0.92) (1.16) (0.72)

Leading Indicators
-3.08** 0.79 1.69 -3.00** 1.19 1.66* -2.02 1.28 0.94
(1.47) (1.48) (1.13) (1.37) (1.30) (1.00) (1.33) (1.53) (0.99)

New homes
1.32 -0.19 -1.23** 1.36 -0.28 -1.28** 1.72** -0.56 -1.13**
(0.96) (0.89) (0.62) (0.95) (0.75) (0..61) (0.50) (0.58) (0.38)

Observations 1514 1514 1514
R2 0.057 0.059 0.070

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂1i, β̂2i and β̂3i pertain to OLS estimates of regression (2.7). The dependent variable is the daily change,
in basis points, of liquidity-adjusted IEs. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.7) are zero.
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Table 2.18: Regressions of daily nominal yield changes on signed surprises and FUS

Nominal Yields

Three-year Five year Ten-year

β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i

Core CPI
1.78 0.07 -0.77 1.59 -0.05 -0.88 1.22 -0.23 -0.97
(1.45) (1.18) (0.95) (1.67) (1.34) (1.09) (1.89) (1.48) (1.22)

GDP (advance)
3.52 -4.05 -4.11 1.83 -2.02 -2.7 -0.40 0.57 -0.76
(8.37) (13.09) (8.77) (8.03) (12.2) (8.15) (7.09) (10.21) (6.76)

Initial Claims
0.06 -2.62* -1.05 0.14 -2.65 -1.08 0.23 -2.37 -1.01
(1.53) (1.59) (1.12) (1.65) (1.68) (1.18) (1.70) (1.70) (1.18)

ISM manufactuirng
-3.43 9.99** 4.63** -3.31 10.07** 4.72** -2.53 8.79** 4.13*
(2.98) (2.90) (2.15) (3.00) (2.96) (2.17) (2.90) (2.92) (2.15)

Nonfarm Payrolls
5.62* 4.83 1.22 5.73 4.35 0.92 5.42 3.11 0.31
(3.34) (3.53) (2.54) (3.78) (3.97) (2.82) (4.18) (4.44) (3.10)

Unemployment
3.90* -4.85** -3.22* 4.52* -5.06** -3.48* 4.77* -4.70* -3.42
(2.33) (2.34) (1.70) (2.46) (2.51) (1.83) (2.56) (2.62) (1.90)

Capacity utilization
0.20 1.73 0.48 0.57 1.29 0.41 0.97 0.59 0.30
(1.18) (1.65) (0.66) (1.28) (1.59) (0.70) (1.36) (1.47) (0.72)

Industrial Production
7.87** -6.25* -5.03** 7.25* -5.97 -4.95** 5.58 -4.91 -4.24*
(4.00) (3.72) (2.46) (3.96) (3.78) (2.46) (3.75) (3.69) (2.39)

Retail Sales
0.42 5.47* 2.14 0.28 5.98* 2.04 0.12 5.86 1.63
(2.87) (2.90) (2.24) (3.03) (3.17) (2.44) (3.28) (3.58) (2.72)

Consumer Confidence
-1.98 2.92 1.58 -1.87 2.76 1.41 -1.43 2.16 1.00
(2.48) (2.45) (1.63) (2.46) (2.43) (1.65) (2.39) (2.32) (1.61)

Leading Indicators
-0.63 1.33 1.04 -0.46 1.36 1.01 1.51 -1.14 -0.58
(1.84) (1.84) (1.35) (1.89) (1.70) (1.30) (2.27) (2.03) (1.64)

New homes
3.43 -2.56 -1.80 2.70 -2.02 -1.33 1.51 -1.14 -0.58
(2.20) (1.94) (1.59) (2.34) (2.07) (1.68) (2.27) (2.03) (1.64)

Observations 2188 2190 2192
R2 0.085 0.075 0.055

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂1i, β̂2i and β̂3i pertain to OLS estimates of regression (2.8). The dependent variable is the daily change,
in basis points, of nominal yields. ** denotes significance at 5% level and * at 10% level. HAC standard errors
with Bartlett kernel are used and shown in parentheses. Sample period: October 30, 1998 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.8) are zero.
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Table 2.19: Regressions of daily TIPS yield changes on signed surprises and FUS

TIPS Yields

Three-year Five year Ten-year

β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i

Core CPI
-5.38** 1.18 1.91* -4.23** 0.87 1.17 -3.18* 0.80 0.85
(1.85) (1.75) (1.15) (1.75) (1.53) (0.93) (1.64) (1.41) (0.84)

GDP (advance)
-7.42** 8.36* 4.06 -6.09* 7.86 3.73 -5.10 6.37 3.36
(3.43) (4.62) (2.92) (3.68) (5.02) (3.04) (4.08) (5.50) (3.40)

Initial Claims
-1.65* -0.11 0.57 -0.91 -0.75 0.15 -1.05 -0.21 0.49
(0.91) (0.96) (0.68) (0.75) (0.85) (0.57) (0.84) (1.00) (0.65)

ISM manufactuirng
0.54 4.37 0.22 1.05 3.46 0.25 0.20 3.77 1.02
(3.37) (3.21) (2.29) (2.90) (2.79) (1.92) (2.77) (2.59) (1.84)

Nonfarm Payrolls
7.68** -2.13 -2.58 6.51** -0.47 -1.76 5.08* 0.47 -1.21
(3.44) (3.24) (2.46) (3.29) (2.99) (2.32) (2.76) (2.64) (1.88)

Unemployment
1.71 -4.30 -3.11 2.49 -4.80* -3.25* 2.54 -4.24* -2.77*
(2.97) (2.80) (2.04) (2.76) (2.60) (1.97) (2.24) (2.17) (1.64)

Capacity utilization
0.068 2.10 1.73 -0.29 1.84 0.76 -0.73 1.37 0.22
(1.39) (1.53) (1.26) (1.18) (1.35) (0.69) (1.03) (1.13) (0.52)

Industrial Production
-2.91 1.90 2.46 2.56 -1.82 -0.96 3.74 -2.80 -1.88
(5.66) (4.31) (3.64) (3.26) (3.06) (2.12) (2.53) (2.63) (1.66)

Retail Sales
-0.23 3.70* 2.16 0.91 3.05 1.31 0.57 2.46 0.92
(2.24) (2.21) (1.60) (1.91) (1.90) (1.37) (1.64) (1.58) (1.15)

Consumer Confidence
4.26 -4.82 -2.92 2.70 -3.59 -2.08 3.09 -3.35 -2.27
(5.52) (5.87) (3.61) (4.74) (4.99) (3.07) (4.32) (4.43) (2.76)

Leading Indicators
0.34 1.24 1.07 0.24 1.33 0.98 1.25 0.80 0.36
(1.64) (1.50) (1.10) (1.68) (1.34) (1.04) (1.44) (1.17) (0.86)

New homes
5.19 -4.16 -3.27 4.36 -3.39 -2.71 0.83 -0.25 -0.37
(4.13) (3.73) (3.11) (3.81) (3.40) (2.89) (3.35) (3.02) (2.55)

Observations 1512 1512 1512
R2 0.07 0.07 0.06

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂1i, β̂2i and β̂3i pertain to OLS estimates of regression (2.8). The dependent variable is the daily change,
in basis points, of liquidity-adjusted TIPS. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.8) are zero.
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Table 2.20: Regressions of daily IEs changes on signed surprises and FUS

IEs

Three-year Five year Ten-year

β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i β̂1i β̂2i β̂3i

Core CPI
5.32** -0.41 -2.05* 3.91** -0.80 -1.60 3.22** -0.95 -1.59**
(1.68) (1.65) (1.14) (1.63) (1.58) (1.16) (1.17) (1.06) (0.74)

GDP (advance)
-1.13 4.73 3.80 -3.03 6.53** 5.16** -0.16 2.29 1.69
(3.95) (4.22) (3.13) (3.30) (3.30) (2.42) (2.36) (2.48) (1.81)

Initial Claims
-0.35 -0.35 -0.27 -0.91 -0.11 0.001 0.40 -1.72** -0.85**
(0.95) (1.09) (0.67) (0.79) (0.84) (0.55) (0.60) (0.64) (0.41)

ISM manufactuirng
2.30 -1.13 -0.99 1.79 -0.67 -0.85 2.57 -1.53 -1.26
(2.67) (2.61) (1.79) (2.75) (2.88) (1.94) (1.75) (1.80) (1.24)

Nonfarm Payrolls
-1.53 6.87** 2.75 0.05 4.21* 1.06 0.48 2.16 0.54
(2.78) (3.06) (2.00) (2.39) (2.54) (1.62) (2.50) (2.65) (1.69)

Unemployment
2.16 -0.95 -0.00 1.81 -0.67 -0.08 1.03 -0.42 -0.03
(2.38) (2.40) (1.64) (1.92) (1.87) (1.25) (1.65) (1.53) (1.05)

Capacity utilization
2.13** 0.85 -1.86 1.99* 0.94 -0.96 0.85 1.36* -0.14
(1.15) (1.50) (1.15) (1.10) (1.42) (0.96) (0.59) (0.81) (0.57)

Industrial Production
4.72 -6.05 -3.47 2.18 -4.77 -2.37 0.39 -3.12* -0.88
(4.54) (3.76) (3.09) (3.70) (3.23) (2.50) (1.73) (1.83) (1.22)

Retail Sales
-0.85 2.36 -0.20 -1.60 3.01 0.48 0.60 1.42 -0.19
(2.28) (2.41) (1.57) (2.15) (2.04) (1.47) (1.67) (1.76) (1.23)

Consumer Confidence
-3.73 5.51 2.47 -1.30 3.23 1.02 -1.49 2.79 1.31
(4.15) (4.43) (2.68) (3.25) (3.16) (1.99) (1.88) (2.05) (1.23)

Leading Indicators
1.29 -1.02 0.03 -1.11 -0.69 -0.02 -1.59 0.80 0.46
(1.59) (1.48) (1.02) (1.43) (1.30) (0.88) (1.41) (1.20) (0.71)

New homes
0.76 -0.07 -0.69 2.57 -1.82 -2.07 3.67** -2.78 -2.47*
(3.61) (3.45) (2.69) (3.72) (3.40) (2.74) (1.78) (1.73) (1.35)

Observations 1514 1514 1514
R2 0.057 0.059 0.066

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: β̂1i, β̂2i and β̂3i pertain to OLS estimates of regression (2.8). The dependent variable is the daily change,
in basis points, of liquidity-adjusted IEs. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.8) are zero.
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Table 2.21: Regressions of daily nominal yield changes on macroeconomic news, disagree-
ment and forecast uncertainty across macroeconomic regimes

Nominal Yields

Tranquil Crisis QE

Three-year Three-year Three-year

φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i

Core CPI
1.14 -0.21 0.12 1.54 1.02 -2.11 -0.00 0.03 -0.06
(0.69) (0.40) (0.69) (4.80) (1.52) (2.80) (0.50) (0.20) (0.45)

GDP (advance)
-0.96 0.38 -2.19 -1.68 -4.27** 7.25** 1.83* -0.84 0.23
(4.22) (2.61) (4.58) (2.83) (2.38) (3.20) (1.02) (0.82) (0.99)

Initial Claims
-1.63** 0.65 -0.67 -0.87 1.80 -0.36 -0.84* 0.14 -0.30
(0.41) (0.58) (0.49) (0.94) (1.25) (1.15) (0.31) (0.47) (0.40)

ISM manufactuirng
4.33** -0.26 0.36 2.63 -1.95* -0.31 1.61** -0.15 -0.07
(0.84) (0.41) (0.88) (1.62) (1.17) (1.60) (0.55) (0.33) (0.50)

Nonfarm Payrolls
5.54** -0.60 1.56* -0.94 2.72 -2.82 5.38** -0.75 1.71
(0.82) (0.68) (0.83) (3.00) (2.42) (3.92) (0.80) (0.78) (1.10)

Unemployment
-1.06 0.33 -0.10 -3.90 -0.23 1.03 0.60 0.04 -0.07
(0.88) (0.87) (0.96) (2.65) (2.13) (2.40) (0.62) (0.58) (0.68)

Capacity utilization
0.46 -1.76* 1.05 8.96 -0.78 2.36 0.77 -0.89* 1.98
(1.34) (1.00) (0.95) (7.82) (3.97) (3.10) (0.63) (0.50) (1.56)

Industrial Production
1.36 2.41 -1.97 -3.29 1.22 -1.23 0.32 -0.12 0.00
(1.41) (1.76) (1.47) (5.30) (4.50) (4.40) (0.57) (0.54) (0.56)

Retail Sales
2.20** -1.43 2.00 0.18 2.25 -2.38 3.85** -0.46 -0.11
(1.06) (1.10) (1.47) (3.51) (2.24) (3.91) (1.19) (0.87) (1.26)

Consumer Confidence
1.56 -0.35 0.18 2.23 -2.20 4.94** 0.05 -0.53 -0.53
(1.04) (0.51) (0.89) (2.26) (1.63) (1.64) (0.59) (0.66) (0.66)

Leading Indicators
-1.14* -1.49 1.35 3.09** -3.24 3.82 0.55 -0.40 0.54
(0.60) (1.04) (1.05) (1.08) (2.34) (2.50) (0.44) (0.72) (0.79)

New homes 0.63 -1.73 0.46 9.78** -24.07 36.72** -0.47 3.21 0.73
(0.75) (1.65) (1.48) (4.14) (26.33) (15.14) (1.21) (6.26) (2.45)

Observations 1025 196 943
R2 0.11 0.19 0.13

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: φ̂i, θ̂i and ρ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the daily change,
in basis points, of nominal yields. ** denotes significance at 5% level and * at 10% level. HAC standard errors
with Bartlett kernel are used and shown in parentheses. Sample period: October 30, 1998 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.5) are zero.
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Table 2.22: Regressions of daily TIPS yield changes on macroeconomic news, disagree-
ment and forecast uncertainty across macroeconomic regimes

TIPS Yields

Tranquil Crisis QE

Three-year Three-year Three-year

φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i

Core CPI
-1.00 -0.64 0.70 -2.81 -1.22 0.35 -2.03** -0.00 0.06
(0.90) (0.57) (0.77) (3.67) (1.43) (1.96) (0.58) (0.32) (0.65)

GDP (advance)
-0.86 0.48 -2.79** -5.32** -3.91 6.10 0.88 -0.87 0.32
(1.80) (0.73) (1.35) (2.67) (2.87) (4.20) (0.90) (0.64) (0.92)

Initial Claims
-0.65 -0.04 0.07 -1.66* -0.02 -0.10 -0.64** -0.34 0.11*
(0.42) (0.34) (0.11) (0.85) (0.94) (0.19) (0.26) (0.35) (0.06)

ISM manufactuirng
2.33** 0.00 -0.37 5.78** -0.60 -0.78 1.09* 0.02 -0.55
(1.02) (0.48) (0.87) (2.83) (0.93) (2.11) (0.57) (0.40) (0.57)

Nonfarm Payrolls
4.99** -0.90 -1.17* -5.63 0.91 -3.19 2.67** 0.14 1.37*
(0.70) (1.61) (0.62) (3.77) (3.07) (4.44) (0.61) (0.67) (0.75)

Unemployment
-4.39** 3.25* -0.75 -4.59 -0.59 1.00 0.24 -0.38 -0.15
(1.12) (1.66) (1.06) (4.45) (0.87) (3.76) (0.60) (0.64) (0.60)

Capacity utilization
0.87 -2.13 1.09 10.49 -3.43 -0.08 0.74 -0.73 1.52
(1.66) (1.36) (0.76) (8.47) (4.52) (3.80) (0.78) (0.54) (1.88)

Industrial Production
0.51 2.36 -1.01 -7.50 3.73 2.09 0.90 0.19 -0.28
(1.71) (1.51) (1.29) (6.52) (4.33) (4.78) (0.80) (0.70) (0.72)

Retail Sales
1.34* -0.84 1.26 2.90** 0.51 0.96 0.78 0.17 -0.14
(0.75) (0.68) (0.84) (1.20) (1.64) (1.44) (0.59) (0.47) (0.66)

Consumer Confidence
1.38 0.35 -1.00 -10.02 6.71 -11.09 0.27 -0.04 -0.19
(1.10) (0.37) (0.76) (8.71) (5.81) (10.28) (0.43) (0.22) (0.32)

Leading Indicators
-0.12 -0.55 0.55 0.67 -0.29 0.67 0.89* -0.58 1.19
(0.51) (0.86) (0.68) (1.60) (2.18) (2.55) (0.52) (0.82) (0.93)

New homes 0.58 0.54 -0.11 6.90* 1.15 5.48 -0.58 1.19* -0.75
(0.56) (0.47) (0.66) (3.71) (3.18) (5.01) (0.68) (0.70) (0.85)

Observations 399 206 942
R2 0.20 0.22 0.11

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: φ̂i, θ̂i and ρ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the daily change, in
basis points, of liquidity-adjusted TIPS yields. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.5) are zero.
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Table 2.23: Regression of daily IEs changes on macroeconomic news, disagreement and
forecast uncertainty across macroeconomic regimes

IEs

Tranquil Crisis QE

Three-year Three-year Three-year

φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i φ̂i θ̂i ρ̂i

Core CPI
2.38** -0.30 0.19 3.32 3.95 -3.57 1.64** -0.08 0.31
(0.62) (0.28) (0.43) (3.06) (3.00) (3.41) (0.70) (0.28) (0.51)

GDP (advance)
4.24** -2.19** 5.09** 1.50 -0.35 3.01 0.24 -0.03 0.29
(1.75) (0.85) (1.43) (3.13) (3.17) (4.57) (0.61) (0.69) (1.00)

Initial Claims
-0.52 0.08 -0.01 -0.35 2.61 -0.36 -0.52** 0.73* -0.09
(0.32) (0.32) (0.09) (0.83) (2.24) (0.27) (0.26) (0.43) (0.07)

ISM manufactuirng
-0.77 -0.45 1.14 1.08 -0.56 0.49 0.86* 0.23 0.26
(0.87) (0.40) (0.75) (1.29) (0.76) (1.24) (0.46) (0.43) (0.62)

Nonfarm Payrolls
2.64** -0.72 0.74 6.05** 1.08 0.50 2.69** -0.83 -0.14
(0.53) (0.68) (0.47) (1.57) (1.39) (1.67) (0.75) (0.81) (0.91)

Unemployment
-2.21** -0.51 1.96** 0.54 -0.41 1.04 0.88 0.76 0.65
(0.84) (1.00) (0.63) (2.06) (0.45) (1.76) (0.82) (0.76) (0.73)

Capacity utilization
-0.00 2.75** -0.06 1.52 -1.15 -0.64 1.47 -1.27 2.91
(1.19) (1.02) (0.87) (4.61) (5.03) (2.94) (1.04) (0.87) (3.22)

Industrial Production
-0.55 -4.43** 3.56** -0.76 3.00 -4.67 -1.84 -0.18 1.31
(1.39) (1.11) (1.39) (3.62) (5.79) (5.04) (1.19) (0.78) (1.16)

Retail Sales
0.35 0.64 -1.10* 0.22 -0.17 -1.88 1.46** 0.17 -0.59
(0.70) (0.47) (0.58) (1.68) (1.43) (1.71) (0.55) (0.55) (0.56)

Consumer Confidence
-0.02 0.54* -0.99* 7.66 -3.78 6.95 0.54 -0.32 0.45
(0.61) (0.30) (0.58) (8.74) (4.94) (8.97) (0.43) (0.22) (0.36)

Leading Indicators
-0.14 -1.06 1.45** 0.05 5.16 -4.90 -1.26** 0.26 -0.58
(0.48) (0.72) (0.63) (2.87) (8.59) (9.24) (0.59) (0.80) (0.90)

New homes 0.19 0.16 -0.63 1.45 -1.01 2.85 1.22* -0.67 0.79
(0.37) (0.39) (0.46) (3.99) (3.36) (5.31) (0.66) (0.71) (0.78)

Observations 399 206 942
R2 0.17 0.14 0.10

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: φ̂i, θ̂i and ρ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the daily change,
in basis points, of liquidity-adjusted IEs. ** denotes significance at 5% level and * at 10% level. HAC standard
errors with Bartlett kernel are used and shown in parentheses. Sample period: June 1, 2004 to November 29, 2016.
H0 : β = 0 (p-value) is for the test that all the coefficients in regression (2.5) are zero.



Robustness checks 43

2.B Robustness checks

In this Appendix I present results for Section 2.3.4 with unadjusted TIPS yields and BEI
rates. If unadjusted TIPS are used (Table 2.24), FUS in new homes become significant
for three-year yields and FUS in ISM fails to be significant for five-year yields, while
nothing changes for ten-year yields. If unadjusted IEs are used (Table 2.25), FUS in
unemployment and consumer confidence fail to be significant for three-year yields. For
five-year yields, FUS in initial claims and unemployment also fail to be statistically
significant. Additionally, FUS in GDP is not significant for ten-year yields.

Table 2.24: Regressions of daily TIPS yield changes on macroeconomic news and FUS

TIPS Yields (unadjusted)

Three-year Five year Ten-year

γ̂i θ̂i γ̂i θ̂i γ̂i θ̂i

Core CPI
-2.00** -0.09 -1.59** -0.36 -1.12** -0.32
(0.63) (0.40) (0.64) (0.40) (0.56) (0.34)

GDP (advance)
-0.32 -1.85** 0.18 -1.55** 0.08 -1.00*
(0.77) (0.54) (0.88) (0.61) (0.84) (0.58)

Initial Claims
-0.84** 0.17 -0.77** 0.18 -0.60** 0.26
(0.24) (0.21) (0.24) (0.19) (0.23) (0.18)

ISM manufactuirng
1.67** -0.62* 1.65** -0.29 1.63** -0.11
(0.45) (0.32) (0.40) (0.28) (0.39) (0.28)

Nonfarm Payrolls
2.81** 0.81 3.05** 0.65 2.82** 0.38
(0.70) (0.69) (0.65) (0.64) (0.51) (0.48)

Unemployment
-1.16 -0.62 -1.02 -0.44 -0.71 -0.20
(0.74) (0.69) (0.66) (0.63) (0.52) (0.49)

Capacity utilization
0.75 1.16 0.45 0.58 0.05 0.15
(0.79) (1.27) (0.62) (0.61) (0.52) (0.36)

Industrial Production
-0.32 0.62 0.53 0.24 0.63 0.02
(1.44) (0.73) (0.74) (0.45) (0.52) (0.34)

Retail Sales
1.43** 0.64** 1.75** 0.46* 1.34** 0.18
(0.36) (0.26) (0.35) (0.25) (0.40) (0.29)

Consumer Confidence
0.15 -0.05 -0.09 -0.14 0.14 -0.26
(0.48) (0.30) (0.54) (0.34) (0.49) (0.29)

Leading Indicators
0.26 1.01** 0.35 0.79** 0.68* 0.66**
(0.48) (0.34) (0.45) (0.32) (0.41) (0.28)

New homes
0.21 0.64** 0.24 0.49 0.18 0.16
(0.40) (0.32) (0.38) (0.31) (0.33) (0.27)

Observations 1561 1561 1561
R2 0.07 0.07 0.06

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: γ̂i and θ̂i pertain to OLS estimates of regression (2.6). The dependent variable is the
daily change, in basis points, of liquidity-unadjusted TIPS yields. ** denotes significance at
5% level and * at 10% level. HAC standard errors with Bartlett kernel are used and shown
in parentheses. Sample period: June 1, 2004 to November 29, 2016. H0 : β = 0 (p-value) is
for the test that all the coefficients in regression (2.6) are zero.
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Table 2.25: Regressions of daily BEI changes on macroeconomic news and FUS

BEI rates (unadjusted)

Three-year Five year Ten-year

γ̂i θ̂i γ̂i θ̂i γ̂i θ̂i

Core CPI
2.51** -0.27 1.83** -0.21 1.02** -0.35
(0.51) (0.36) (0.43) (0.32) (0.39) (0.31)

GDP (advance)
1.28* 1.39** 0.77 0.99** 0.82** 0.50
(0.66) (0.49) (0.54) (0.39) (0.40) (0.31)

Initial Claims
-0.36* -0.13 -0.53** -0.12 -0.65** -0.14
(0.20) (0.17) (0.18) (0.14) (0.19) (0.15)

ISM manufactuirng
0.39 0.28 0.35 -0.04 0.53* 0.06
(0.35) (0.28) (0.32) (0.26) (0.30) (0.24)

Nonfarm Payrolls
1.78** 0.18 1.61** 0.18 1.12** 0.05
(0.48) (0.41) (0.38) (0.30) (0.29) (0.19)

Unemployment
0.52 0.57 0.43 0.28 0.20 0.24
(0.48) (0.37) (0.35) (0.26) (0.30) (0.23)

Capacity utilization
0.94 -0.53 1.19 -0.11 1.19** 0.00
(1.07) (1.52) (0.81) (0.95) (0.56) (0.62)

Industrial Production
0.22 -0.95 -0.88 -0.47 -1.38** 0.06
(1.51) (1.04) (0.80) (0.78) (0.47) (0.60)

Retail Sales
0.61 -0.74* 0.53 -0.68** 1.09** -0.43**
(0.50) (0.39) (0.42) (0.32) (0.28) (0.20)

Consumer Confidence
0.22 -0.16 0.49* -0.14 0.36 -0.01
(0.29) (0.21) (0.28) (0.20) (0.30) (0.21)

Leading Indicators
-0.15 -0.32 0.005 -0.23 -0.04 -0.48
(0.54) (0.38) (0.50) (0.33) (0.56) (0.36)

New homes
0.24 -0.13 0.18 -0.07 0.38 -0.006
(0.33) (0.26) (0.29) (0.23) (0.25) (0.20)

Observations 1560 1560 1560
R2 0.08 0.06 0.05

H0 : β = 0 (p-value) 0.000 0.000 0.000

Notes: γ̂i and θ̂i pertain to OLS estimates of regression (2.5). The dependent variable is the
daily change, in basis points, of BEI rates. ** denotes significance at 5% level and * at 10%
level. HAC standard errors with Bartlett kernel are used and shown in parentheses. Sample
period: June 1, 2004 to November 29, 2016. H0 : β = 0 (p-value) is for the test that all the
coefficients in regression (2.5) are zero.
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2.C Liquidity adjustment of BEI and TIPS yields

We use the GARCH standard deviation of daily increments of BEI yields and the BofA
Merrill Lynch US corporate AAA spread as proxies for liquidity premium as in Strohsal
and Winkelmann (2015).
The latter is the spread between option-adjusted AAA rated US corporate bonds and
spot treasury yields. Corporate bonds are considered less liquid than treasury bonds
and thus the spread is a good proxy for liquidity premium. The spread is obtained from
FRED. We regress BEI yields (3, 5 and 10 year maturities) on these two proxies. See
Table 2.26 for the results. The coefficients are both significant at the 5% level (individ-
ually and jointly) and they have the expected sign. An increase in the BofA corporate
AAA spread and/or BEI volatility decreases break even inflation rates, as it increases the
TIPS liquidity premium and, in turn, its yield. Additionally, analyzing the magnitudes
of the coefficients in Table 2.26, one can conclude that the estimated liquidity premium
is larger for short and medium BEI rates in comparison to their long term counterparts.

In a similar vein, we use the BofA Merrill Lynch US corporate AAA spread to purge
TIPS yields from any remaining liquidity premium. See Table 2.27 for the results. An
increase in the spread suggests as increase in liquidity premium which, in turn, increases
the yield in order to compensate the investors for holding an illiquid bond relative to a
nominal bond. To purge BEI and TIPS yields from liquidity premia we use the resid-
uals of the regressions in Tables 2.26 and 2.27 (see Pflueger and Viceira (2011) for details).

Table 2.26: Liquidity premium regressions

BEI yield-3y BEI yield-5y BEI yield-10y

AAA spread
-0.58** -0.34** -0.21**
(0.09) (0.05) (0.03)

BEI-standard deviation
-11.72** -14.51* -3.52**
(2.22) (2.02) (1.38)

R2 0.58 0.59 0.21

Notes: Least Squares estimation of BEIt= c + β1 AAA − spreadt+β2 BEI-GARCH standard deviation +ut. The sample period is May 2004-December
2016. Daily data is used for independent and dependent variables. ** represent statistical significance at the 5% level. BEI is short for break-even inflation
rate. Newey-West HAC standard errors are used. Intercepts are omitted. The AAA spread in the tables is short for BofA Merrill Lynch US corporate AAA
spread discussed above.

Table 2.27: Liquidity premium regressions

TIPS yield-3y TIPS yield-5y TIPS yield-10y

AAA spread
0.69** 0.56** 0.43**
(0.09) (0.06) (0.04)

R2 0.13 0.10 0.10

Notes: Least Squares estimation of TIPSt= c + β1 AAA − spreadt +ut. The sample period is May 2004-Dec 2016. Daily data is used for independent
and dependent variables. ** represent statistical significance at the 5% level. Newey-West HAC standard errors are used. Intercepts are omitted. The
AAA spread in the tables is short for BofA Merrill Lynch US corporate AAA spread discussed above.



CHAPTER 3

The Anchoring of Inflation Expectations: A Bayesian

Approach1

3.1 Introduction

Price stability is one of the important mandates of all central banks across the world.
Having IEs anchored reflects the credibility of a central bank and in turn helps keep
inflation in check, as the New Keynesian Philips curve predicts. Recently, many central
banks adopted the anchoring of IEs as an important indicator in deciding whether to lift
policy rates off the zero lower bound.

The extent of (de)anchoring is commonly measured as the magnitude of the response
of changes in long-term market-based IEs to macroeconomic news see – Gurkaynak, Sack
and Swanson (2005) and Gurkaynak, Levin and Swanson (2010).2 If IEs do not respond
to these news, they are anchored. If their response is sizable, they are not anchored.
Given that the private sector constantly updates its beliefs about the macroeconomy,
it is plausible that it will react to the same news in a time-varying fashion, that is, in
a slower or a faster way, depending on the type of announcement and the state of the
economy (see -Faust et al. (2007)).

In the words of the Governor of the Bank of Japan, Haruhiko Kurado, at the Economic
Club of Minnesota in 2015: “To better understand the dynamics of inflation expectations,
it may be useful to incorporate Bayes’ rule or Bayesian updating into investigating how
people revise their expectations over time. Based on the Bayesian approach, one could
examine the extent to which the inflation target set by a central bank, such as the 2 percent
target adopted by the Bank of Japan and other major central banks, has gained credibility
among the public.”

In this paper, we employ a Bayesian analysis to quantify the time-varying response of
US market-based IEs to different macroeconomic and monetary policy news. The reasons

1This chapter is based on Abi Morshed (2016).
2There are other criteria to assess the anchoring of IEs. For example, Strohsal and Winkelmann (2015)

study the anchoring of IEs by analyzing their level and persistence in an exponential smooth transition
autoregressive model. In addition to employing news regressions, Beechey, Johannsen and Levin (2011)
study the volatility of IEs. Moreover, Jochmann, Koop and Potter (2010) and Gefang, Koop and Potter
(2012) focus on inflation pass through, i.e., how changes in short term IEs affect long term IEs. Bomfim
and Rudebusch (2000) and Demertzis, Marcellino and Viegi (2012) characterize the anchoring of IEs by
the absence of a significant impact of lagged inflation on long-run IEs.
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behind applying a Bayesian econometric framework can be summarized as follows: First,
given that the economy hit the zero lower bound (ZLB) in December 2008 and the intro-
duction of unconventional policies by many central banks shortly thereafter, the best way
to examine the impact of these new ‘treatments’ on the anchorage of IEs is by assuming
that economic agents learn in a Bayesian manner. Thus, they have prior beliefs about
the sensitivity of their IEs to news before the unconventional measures have taken place,
and then update their beliefs as news arrive through Bayes law. Second, by employing
Bayesian techniques we can rule out implausible regions of the parameter space by taking
advantage of uninformative or weakly informative priors. Third, a Bayesian framework
enables us to account for parameter uncertainty which implies that economic agents do
not know the true economic model but estimate it.

To my knowledge, this is the first paper that analyzes the anchorage of IEs in a
Bayesian context. The most common approach so far is to estimate constant news re-
gressions with classical econometric techniques while abstracting from any learning un-
dertaken by agents - see Gurkaynak, Sack and Swanson (2005), Gurkaynak, Levin and
Swanson (2010), and Beechey and Jonathan (2009). Gurkaynak, Sack and Swanson
(2005) find that US long-run IEs are not perfectly anchored and highlight a potential
drawback in current macroeconomic models which assume that the long-run level of in-
flation is constant and perfectly known by all agents3. In a similar fashion, Gurkaynak,
Levin and Swanson (2010) show that inflation targeting in Sweden and United Kingdom
helps anchor IEs and Beechey, Johannsen and Levin (2011) find that IEs are more firmly
anchored in the Euro Area than in the United States. More recent papers by Galati,
Poelhekke and Zhou (2011) and Nautz and Strohsal (2015) allow for time-variation by
means of structural breaks. They confirm the de-anchoring of US IEs during the financial
crisis by finding a break around 2008-2009. However, Nautz and Strohsal (2015) find no
significant break in the aftermath of the crisis, hinting that re-anchoring of US IEs have
not occurred yet.

We allow for time-variation in the response to news in the spirit of Cooley and Prescott
(1976) and Lucas (1976), where the coefficients are modelled as driftless random walks.
Using the latter more flexible specification estimated by Bayesian techniques, we find rich
time variation in the sensitivity of far ahead forward break-even inflation (BEI) rates to
CPI (consumer price index), PPI (producer price index), retail sales, ISM manufactur-
ing index, capacity utilization, industrial production and monetary policy news, which
is new to the existing literature. Closer to our work, Scharnagl and Stapf (2015) ex-
amine whether IEs were de-anchored during the European sovereign debt crisis. They
estimate time-varying news regressions, however by Flexible least squares, to find that
the response of IEs to monetary policy news exhibits time variation whereas no time
variation is detected for macroeconomic news. Moreover, Strohsal, Melnick and Nautz
(2016) propose a time-varying parameter model, estimated by Maximum Likelihood4, to
explore whether lagged inflation and short-term IEs affect long term IEs. They conclude

3Their sample only extends to 2002.
4The maximum likelihood estimator has a big mass at zero when the variance of the time-varying

coefficient is small (the so-called pile-up problem)–see Primiceri (2005) and thus time-variation could be
disguised if the maximum likelihood estimator is used.
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that US IEs were partially de-anchored during the financial crisis but got re-anchored
since then. Using a different anchoring criteria, we confirm the de-anchoring of US IEs
during the financial crisis but in contrast to the previous studies, we find that they have
not been re-anchored until mid 2012 when the sensitivity to most macro and monetary
policy news subsided and became statistically insignificant.

Our paper also relates to the literature on Bayesian learning in macroeconomics. An
early and seminal contribution goes back to Cyert and DeGroot (1974) who introduce
Bayesian learning in how expectations get updated until they lead to an equilibrium. Ad-
ditionally, Baxter (1985) and Rossi and Rebucci (2004) measure disinflation credibility
in a Bayesian framework. With respect to the formation of price expectations, Caskey
(1985) assumes that Livingston forecasters use Bayes’ law to update their beliefs about
inflation and then backs out the prior beliefs of the forecasters. More recently, Bullard
and Suda (2016) study the stability of macroeconomic systems with Bayesian learners
and draw the conclusion that recursive least squares and Bayesian estimation generally
yield different results, given that informative priors are used.

Another main contribution of our paper is that we study the impact of an explicit
inflation target on the anchorage of IEs5 and uncover determinants of time variation in
response to news. By regressing responses on macro determinants and a dummy for the
explicit inflation target, we find that communicating an explicit target helps anchor long
term IEs and that the state of the labor market (Unemployment rate) and the federal
funds rate are potential determinants of time variation. Regarding the related literature,
Bauer (2015) suggests that the decreasing correlations between inflation compensation
and nominal rates in 2013 are most likely due to the explicit inflation target. Moreover,
Hordahl and Tristani (2014) document that US inflation expectations shifted close to 2
percent over the course of 2012 and that is consistent with the announced inflation target.

The remainder of the paper is structured as follows. In section 3.2 we lay out the
constant parameter and time-varying news regressions. In section 3.3, we discuss the
data used to obtain IEs and news. In section 3.4, we discuss the Bayesian inference used
to estimate the time-varying news regressions. In sections 3.5 and 3.6, we examine the
results from constant parameter and time-varying news regressions. In section 3.7, we
provide results of news regressions with structural breaks. In section 3.8, we uncover the
determinants of time-variation and we conclude in section 3.9. Appendix 3.A contains all
the Tables related to this chapter and Appendices 3.B-3.I contain supplementary material
and robustness checks.

5We do not study the impact of unconventional monetary policy on inflation expectations and their
degree of anchoring because two recent papers have already done so. Ciccarelli, Garcia and Montes-
Galdon (2017) find that inflation expectations became more anchored as a result of QE programs.
Moessner (2015) study the impact of forward guidance on inflation expectations and real yields and find
that the former were not affected a lot by forward guidance.
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3.2 News Regressions

3.2.1 Constant Parameter News Regressions

The effect of macroeconomic announcements on IEs is studied in the following news
regression, or event study, as in Balduzzi, Elton and Green (2001):

∆πe
t,i = β0i + β1iSit +

K∑

k=1

βk+1,iSikt + ǫit (3.1)

where ∆πe
t,i corresponds to the daily6 change, in basis points, of long and medium term

IEs after announcement i (i=1,..,16) at time t ∈ Ti, where Ti is the sample size of the
macroeconomic announcement under consideration, β1i is the basis point change in IEs
to a one standard error change in announcement i, controlling for concurrent announce-
ments, K denotes the total number of concurrent announcements (with announcement
i), βk+1,i is the sensitivity of IEs to the kth announcement concurrent with i, Sikt is the
standardized surprise in the kth announcement concurrent with announcement i, ǫit is a
residual representing the influence of other news and factors on IEs that day.

Sit and Sikt consist of the unforecastable component of data releases and are calculated
as the difference between the actual economic release, Ait, and the consensus expectations
of the release, Eit, and then normalized by their standard errors7 to facilitate comparison
across different news types, as follows: Sit =

Ait−Eit

σ(Ait−Eit)
.

Since we use the unexpected component of macro releases, Sit can be regarded as
strictly exogenous and thus we can rule out any reverse causality stemming from inter-
est rates (in our cases yields and forward rates) feeding back to the economy, under the
assumption that survey expectations incorporate all relevant information as of the day
before the release.8

It is important to note that there are two ways to assess the effect of news on IEs. The
first approach pursued by Balduzzi, Elton and Green (2001) and Faust et al. (2007), which
we also adopt throughout the paper and is summarized by equation (3.1), studies the re-
sponse of a particular surprise on IEs taking into account the concurrent announcements.
This specification allows the differential impact of the announcement under study given
the concurrent announcements. Thus, the number of observations and the frequency used
in regressions like (3.1) are solely determined by the frequency of the announcement under
consideration (i.e., quarterly, monthly, or weekly). Thus, they are not daily regressions,
however, each observation of the dependent variable is the one-day change in BEI rates

6We stick to a daily window instead of an intra daily window and that is because forward BEI rates
take some time to adjust to incoming news – see Bauer (2015).

7In Appendix 3.F, we present results when recursive standard deviation is used instead of the full
sample standard deviation. Our results do not show any big differences.

8Rigobon and Sack (2008) argue that data surprises commonly used are noisy measures of the true
surprises. One reason is that MMS survey expectations are taken the Friday before the announcement
and this might violate the assumption that they incorporate all information until the release day and in
turn underestimate the response to news.
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around the announcement date.9

The second approach, see Beechey, Johannsen and Levin (2011), Gurkaynak, Sack
and Swanson (2005) and T. Swanson and C. Williams (2014) include in a single regres-
sion surprises in all economic announcements (concurrent and nonconcurrent), and the
sample contains only announcement days across all surprises. Since macro economic
announcements have different frequencies, the one-regression approach entails putting a
lot of zeros for macro announcements which are announced less frequently (i.e., GDP),
to make the regression balanced. This leads to the introduction of false time-variation
because the standard errors of the estimates are inflated. For this reason, we stick to
the first approach.10 Moreover, conceptually, putting zeros for low frequent variables on
days when they are not announced is questionable because it means that we equate ‘no
announcement’ to having zero forecast errors.

3.2.2 Time-Varying News-Regression in State Space Represen-

tation

How does the sensitivity of IEs to incoming news evolve over time and by how much?
The answer to this question requires allowing for gradual changes in the response to
news, rather than assuming, ex-ante, that sensitivity exhibits discrete and sudden breaks.
Gradual movements in the sensitivity of IEs is economically more plausible if market
participants are learning and updating their expectations over time – see Cogley and
Sargent (2002) and Goldberg and Grisse (2013). Moreover, as highlighted in Boivin
(2006) and Stock and Watson (2002a) the estimates of multiple break dates can be quite
uncertain in macroeconomic applications. Furthermore, Strohsal, Melnick and Nautz
(2016) argue that using structural breaks when investigating the anchorage of IEs can be
particulary misleading because the latter tend to either underestimate the de-anchoring
period when it is very short or overestimate it as we document in Section 3.7. Thus as
in equation (3.3) below, we model time variation as a driftless random walk following
Strohsal, Melnick and Nautz (2016), Cooley and Prescott (1976), Cogley and Sargent
(2002), Cogley and Sargent (2005) and Boivin (2006).11

The observation equation is as in (3.1) above:

∆πe
t,i = β0i + β1i,tSit +

K∑

k=1

βk+1,iSikt + ǫit, ǫit ∼ IIN(0, R) (3.2)

The latent state variable follows a driftless random walk:

β1i,t = β1i,t−1 + νt, νt ∼ IIN(0, Q) (3.3)

9Implicitly, this approach entails that announcements taking place at different days are orthogonal
or independent. This assumption is plausible given that financial markets react to surprises very fast,
typically within hours or minutes.

10In Appendix 3.G we explore the second approach.
11The driftless random walk assumption has also been widely used in forecasting applications see –

Stock and Watson (1996) and for an application in finance see – Dangl and Halling (2012).
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The covariance matrix of all innovations in our model is:

V = V ar

(
ǫt
νt

)
=

(
R 0
0 Q

)
(3.4)

where the off diagonal elements are set to zero.
The assumption regarding the IID error terms in equation (3.2) is in line with Cogley and
Sargent (2002). This assumption could be relaxed to account for stochastic volatility.12

We follow the literature in assuming that ǫt and νt are uncorrelated - see Primiceri (2005).
In this way, the errors can be structurally interpreted. Following the Bayesian literature,
βt are called “parameters” and R and Q are “hyperparameters”. Hyperparameter refers
to the parameter of a prior distribution or can be thought of as a nuisance parameter
similar to the innovation variance in classical econometrics.

3.3 Data

3.3.1 Market-based measures of inflation expectations

IEs are not observed and not easy to measure. There are two main measures of IEs:
survey-based and market-based measures. One major drawback of survey-based expec-
tations is their low frequency which renders them not suitable to identify changes in
expectations in a short horizon while market-based measures are available at high fre-
quencies (daily or even intra-daily). Several studies have used yields and forward rates13

of index-linked and nominal bonds with equal maturity to derive break-even inflation
(BEI) rates or synonymously Inflation Compensation (IC), see for example (Gurkaynak,
Sack and Wright (2010), Gurkaynak, Levin and Swanson (2010), Beechey, Johannsen and
Levin (2011) and and many others). The data is available from the Board of Governor’s
website.

We focus on one-year forward rate from 9 to 10 years ahead (1F9) and five-year
forward rate from 5 to 10 years ahead (5F5) as in Gurkaynak, Levin and Swanson (2010)
and Galati, Poelhekke and Zhou (2011)– see Figure 3.1 for a plot of the data. In contrast
to yields, forward rates are not influenced by short-term developments and thus can be
seen as a better proxy for long run IEs. As Gurkaynak, Levin and Swanson (2010) argue,
the one-year forward rate ending in 10 years is far enough in the future for macro models
to go back to their steady state, so any significant response of IEs at these horizons can be
alarming. But we also report results for two-year BEI yields14 because of central banks’
shorter-horizon inflation targets. The data is daily except that for the weekends and on
days where the yields are not present.

BEI rates are not a pure measure of IEs because they also comprise of liquidity

12Cogley and Sargent (2005) allow for both time-varying coefficients and stochastic volatility in the
error terms. They find that allowing for stochastic volatility does not remove time variation in the
coefficients.

13The spot rate is the current yield for a given term. The forward rate is the interest rate for a certain
term that begins in the future and ends later.

14Two-year BEI yields are not purged from liquidity premia because we obtained counterintuitive signs
for the response of the latter to macro news – results available upon request.
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risk premium and inflation risk premium. A generalized Fisher equation15 helps see this:
πe
t = iNB

t −rTIPS
t −ρπt +ρLRP

t = BEIt−ρπt +ρLRP
t where iNB

t is the yield or forward rate on a
nominal bond, rTIPS

t is the yield or forward rate on a TIPS (Treasury Inflation-Protected
Securities) bond, ρπt is inflation risk premium on nominal bonds, ρLRP

t is liquidity risk
premium of TIPS relative to nominal bonds and t extends from the beginning of our
sample (June, 2004) till the end (May, 2015).

We purge inflation risk and liquidity premium16from BEI forward rates (1F9 and
5F5) following the regression-based method in Strohsal and Winkelmann (2015) and
Pflueger and Viceira (2011) using the GARCH standard deviation and AAA spread17– see
Appendix 3.C for details. Although inflation risk premium is not completely purged from
BEI forward rates18, there are three reasons why this is not problematic. First, Strohsal
and Winkelmann (2015) argue that a central bank should not only aim at anchoring IEs
but also minimizing uncertainty about future inflation and therefore they dont correct
for inflation risk premium at all. Second, Bauer (2015) argues that risk premia move
slowly, typically at business cycle frequencies, and thus their level wont matter since we
deal with daily changes in BEI forward rates. Third, risk premia are known to behave in
a countercyclical manner which is hard to reconcile with the procyclical response of IEs
to news.
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Figure 3.1: Unadjusted break-even inflation forward rates

3.3.2 Economic News

The data on macroeconomic releases and the corresponding median forecast is obtained
from the Money Market Services (MMS)19 conducted by Action Economics - following

15Inflation risk premium typically increases the yield on nominal bonds, to compensate investors for
bearing the risk that inflation might change, therefore it should be deducted from inflation compensation
because it over-estimates it. On the other hand, liquidity premium increases the yield on TIPS yields
and thus under-estimate inflation compensation, so they should be added.

16To make sure that we are capturing news effects rather than liquidity and inflation risk effects, we
report results with news effects measured after 3 days instead of 1 - see Appendix 3.I.

17To check whether the proxies that we use for liquidity and risk premia are not introducing noise,
we conduct a robustness check in Appendix 3.E where we use unadjusted BEI rates. The results are
qualitatively similar to the ones with these proxies.

18Gurkaynak, Sack and Wright (2010) use the Kalman filter to remove the estimate of the inflation risk
premium from inflation compensation using professional forecasters survey data. But survey expectations
are overly stable and the resulting IEs underestimate the amount of variance in true IEs.

19The Money Market Survey (MMS) survey is conducted the Friday before each data release and one
would expect that their forecasts incorporates almost all relevant information just few days before the
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Beechey, Johannsen and Levin (2011) and Gurkaynak, Sack and Swanson (2005). Our
sample period starts in June 2004, since it is only until then that a relatively big number
of inflation indexed bonds have been traded in the US secondary market, and ends in
May 2015. We consider a larger set of economic releases than is used in current studies.
Besides the 14 releases considered in Beechey and Jonathan (2009) or Gurkaynak, Sack
and Swanson (2005), we study the sensitivity of IP (Industrial Production) and PCE
(Personal Consumption Expenditures) since IP is concurrently announced with Capacity
Utilization and PCE has recently become the reference price index, especially that the
numerical inflation target of 2% is based on it – see Table 3.1. Moreover, we verified
that the forecast errors that we employ, pass the standard tests of forecast rationality
i.e., they are close to zero, mostly uncorrelated and dont reject the null of normality.
Each macroeconomic surprise, except for the monetary policy surprise, is computed as the
difference between the actual release and median expectation and then standardized by
its standard error, as highlighted in Section 3.2.1. As for the Monetary policy surprise,
it is calculated as the one-day basis point change in the 3-month U.S. Treasury Bill
(obtained from the FRED website) around each monetary policy announcement and then
standardized by its standard error-as in Nautz and Strohsal (2015). But that only applies
for the period between June 2004 till October 2008 (i.e., before the zero lower bound was
effective). Hence, since December 2008, monetary policy surprises are measured as the
one-day change in a 10-year off-the-run nominal bond around the FOMC meetings – see
Wright (2012).

3.4 Bayesian Inference

In this section, we discuss the simulation method, the priors used and the details of
the simulation. Let Y Ti

i = [∆πe
1, ....,∆πe

Ti
] and βTi

i = [β ′
0, β

′
1, ..., β

′
Ti
]. The superscript,

Ti, denotes the sample size of the macroeconomic announcement under consideration,
whereas the subscript, Ti, denotes the last time period in the sample specific to that
announcement.

3.4.1 Priors

The prior distributions used below are chosen in line with much research in this area –
see Primiceri (2005), Cogley and Sargent (2002), Cogley and Sargent (2005) and many
others. In particular, the prior of the initial state of the time-varying parameters is
p(β0) = N(β̄, P̄ ) and that of the hyperparameters is p(V ) = IW (V̄ −1, T0) where IW(S,
df) represents the inverse-Wishart distribution with scale matrix S and degrees of freedom,
df. T0 is the prior degrees of freedom.
Assuming an inverse-Wishart prior for the hyperparameters is convenient because when
combined with gaussian likelihood yields an inverse-Wishart posterior. The joint prior
for β0 and V, given that they are assumed to be independent of each other, takes the
following form: p(β0, V ) = N(β̄, P̄ )IW (V̄ −1, T0). The latter prior is conjugate and, in
turn, the posterior distribution, p(βT , V ), is also inverse-Wishart.

actual announcement. Additionally, the quality of the MMS data in the sense that it passes forecast
rationality tests has been verified by Balduzzi, Elton and Green (2001) and Andersen et al. (2003).
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3.4.2 Posterior density and Simulation method

Our goal is to summarize the posterior density for the object of interest, p(βT , V ). Con-
ditional on prior beliefs and the data until date T, the joint posterior distribution for
the time-varying coefficients and hyperparameters is given by: p(βT , V |Y T ). The Gibbs
sampler is used to simulate draws from the joint posterior density of interest. It accom-
plishes that by first drawing a history of the states (i.e., the time-varying coefficients)
from p(βT |Y T , V ), conditional on the data and hyperparameters.20Then conditional on
the data and states, the hyperparameters are drawn from p(V |Y T , βT ). Eventually, the
sequence of draws converges to a draw from the ergodic equilbrium joint distribution,
p(βT , V |Y T ).

3.4.3 Calibration of priors and details of simulation

We calibrate the priors following Reusens and Croux (2015) and Primiceri (2005). Twenty
percent of the sample size of each macro announcement is used as a training sample to
calibrate the prior. The mean of the prior for β0, β̄, is the OLS estimate for β obtained
in the training sample. The variance of the prior of β, V̄ , is 4 times the standard error of
β̂ obtained also from the training sample.21 It is worth noting that these estimates are
obtained from running constant parameter news regressions as explained in Section 3.2
above. Finally, degrees of freedom and scale matrices are needed for the inverse-Wishart
prior distributions of the hyperparameters (R and Q).
We follow Reusens and Croux (2015) in setting the degrees of freedom and the scale
matrix of Q. They show via Monte Carlo simulations that the prior for Q used in Prim-
iceri (2005) is a more informative prior and it actually underestimates the amount of
time variation. Thus, the degrees of freedom for Q are set to be equal to the number of
time-varying parameters22 (k)-1+0.1, which is the minimal degrees of freedom to ensure
finiteness of first moments. The degrees of freedom of R is set to the dimension of R
plus 1, which makes 2 in our case. The scale matrix of Q is a constant fraction of the
variance of the corresponding OLS estimate on the training sample. As for the scale
matrix of R, it is set to the identity matrix. In this way, the priors are not flat, but
diffuse and weakly informative. The simulations are based on 100000 iterations of the
Gibbs sampler, discarding the first 50000 as a burn in and then taking every tenth draw
to reduce autocorrelation between draws. Thus the structural analysis is based on the
remaining 5000 draws. In more details, the priors used are:

β0 ∼ N(β̂OLS, 4 · V (β̂OLS))

R ∼ IW (Ik, 2)

Q ∼ IW (k2
Q · (k − 1 + 0.1) · V (β̂OLS), k − 1 + 0.1), kQ = 0.01

20The Kalman filter and smoother are used in order to update the conditional means and variances
going forward and backward, respectively.

21This prior is chosen following Primiceri (2005). In Appendix 3.H, we do a robustness check with 20
instead of 4 for CPI and ISM and we get essentially the same results.

22Since we study the effect of a particular surprise on IEs, the number of time-varying parameters
is either 1 or 2 as in the case of Unemployment and Nonfarm Payrolls and Industrial Production and
Capacity Utilization which are announced together.
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In Appendix B, we also experiment with a non-informative prior for Q where the degrees
of freedom are set to k-1+0.00001 and the scale matrix to 0.00001Ik, where (I) is the
identity matrix.

3.5 Results for News regressions with constant pa-

rameters

This section presents the estimates of the constant parameter news regressions in Sec-
tion 3.2.1. Table 3.2 shows the Announcement Releases which are concurrent with the
announcement under study- see Table 3.3 for the regression estimates. We report 68%
confidence intervals so that the results are comparable with the 68% credible intervals
used in Section 6.

For pro-cyclical indicators: like GDP, core CPI, capacity utilization, ISM manufac-
turing, retail sales, and nonfarm payrolls a positive surprise represents stronger than
expected growth or higher than expected inflation (in consumer and producer prices).
Thus, we expect the coefficients on the surprise component of pro-cyclical indicators to
be zero or positive, as news of overheating would arguably imply higher inflation expec-
tations. Indeed, Table 3.3 shows that all of these responses are positive albeit some are
not statistically different from zero. For counter-cyclical indicators, like unemployment
and Initial claims, a positive surprise represents lower than expected growth, so we would
expect a negative coefficient. The results in Table 3.3 confirm that for BEI-1F9, BEI-5F5
and two-year BEI yields. It is worth noting that the estimates in Table 3.3 represent the
average response of IEs to news over the entire sample.

For price news, the constant news regression seem to suggest that short-, medium-
and long-term IEs respond to news in core CPI and PPI while only long-term IEs respond
significantly to PCE news. This is in line with the results in Bauer (2015) and Beechey
and Jonathan (2009), although their sample only extends till 2008.

As for real side news, and in line with Bauer (2015) and Beechey and Jonathan (2009),
IEs across all maturities react significantly to real side news – see coefficients on nonfarm
payrolls, retail sales, GDP, capacity utilization, industrial production, new homes and
initial claims. In particular, a one-standard deviation shock in nonfarm payrolls increases
two-year BEI yields with 1.69 basis points, which constitutes the second largest impact
on IEs.

With respect to monetary policy surprises, we obtain a positive statistically significant
coefficient for the response of BEI-1F9 and BEI-5F5. This makes sense given that during
most of our sample, unconventional monetary polices, which are expansionary in nature,
have been employed. We shed more light on this phenomenon after we explore time
variation in this effect in the next section.

3.6 Time Varying Parameter Estimates

In this section, we just include the news variables for which there is pronounced time
variation, for all other variables considered in Table 3.3 the sensitivity is rather constant
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throughout the sample.23 Our time-varying parameter approach is flexible enough to
allow for regime switches and smooth transitions and to approximate structural breaks,
see also section 3.7 for details.

3.6.1 Price news

Figures 3.2 and 3.324 show that the dynamics of the sensitivity of BEI-5F5 and 1F9 to
CPI and PPI news are very alike across our sample. With respect to the response of
BEI-1F9 to CPI news, there is a significant and gradual decrease in the response from
1.1 bps in 2009 to around zero bps in 2011. The sensitivity becomes negative after 2011
and from mid 2012 we see a pick up towards non-negative or even positive territory.
The negative response to CPI surprises is probably due to disinflation or deflation scares
during this period. Moreover, before 2010 the sensitivity of long-term IEs to CPI news
was significantly different from zero, since zero did not pass in the credible band. However,
after 2010 the credible band includes zero. In turn, this implies that financial market
participants do not alter their IEs to transitory shocks in CPI. Figure 3.2 uncovers rich
time-varying dynamics and highlights that statistical significance is different at different
points in the sample.
With respect to PPI surprises, the sensitivity of BEI-1F9 builds up prior the financial
crisis to reach 1.8 bps in 2009, to decrease in the aftermath of the crisis and go back to
its pre-crisis level. In section 3.8 below, we relate time variation in the response to CPI
and PPI news to changes in communication policy of the Fed, the federal funds rate and
unemployment rate.
In summary, IEs have become more anchored in the aftermath of the financial crisis since
their sensitivity to price news have become statistically insignificant from 2010 onwards.
In other words, IEs of financial market participants react less to transitory inflation shocks
and that reflects surge in credibility of the Fed policies. However, as we will see in the
upcoming section, this is not the case for real-side and monetary policy news.

3.6.2 Real Side News

Similar to price news, the reaction of medium and long term IEs, proxied by BEI-5F5
and 1F9, is very similar across all types of real-side news as is seen in Figures 3.4-3.8
below.
Regarding forward looking economic indicators like the ISM index, Figure 3.4 shows that
there is pronounced time variation especially during the financial crisis and the period ex-
tending from mid 2010 until 2011. The time variation in 2009 stems most likely from a big
negative shock to ISM during the financial crisis which led financial market participants
to revise down their medium and long term IEs, while the increased sensitivity during

23The results are available on request.
24The 16th and 84th percentile correspond to a 68% confidence interval, under normality, as in Prim-

iceri (2005). Additionally, all plots in this section are generated by kQ=0.01. To assess the mixing of
the chain, the autocorrelation function of the draws is below 0.2 with some exceptions–check figure 3.18
(Appendix B). Moreover, to assess the convergence of the chain, inefficiency factors are estimated using
the Bartlett kernel and they are generally around or below 21 as highlighted in Primiceri (2005)–check
figure 3.19 (Appendix B). All the results are available upon request.



Time Varying Parameter Estimates 57

-3

-2

-1

0

1

2

3

2007 2008 2009 2010 2011 2012 2013 2014 2015

Median Estimate of CPI surprise
84th percentile
16th percentile

B
a
s
is

 P
o
in

ts

(a) CPI Surprise (BEI-5F5)

-4

-3

-2

-1

0

1

2

3

4

2007 2008 2009 2010 2011 2012 2013 2014 2015

Median Estimate of CPI suprise
84th percentile
16th percentile

B
a
s
is

 P
o
in

ts

(b) CPI Surprise (BEI-1F9)

Figure 3.2: Time varying estimates of Core CPI surprise
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Figure 3.3: Time varying estimates of Core PPI surprise
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the period 2010-2011 is most likely due to a positive surprise in ISM. Moreover, there
is a clear downward trend in the sensitivity of BEI-1F9 – in comparison to its pre-crisis
level – although zero passes through the credible band throughout most of the sample.
Additionally, the estimate for ISM surprise, in Table 3.3, is not statistically significant
using classical techniques, however, it is statistically different from zero during the finan-
cial crisis and the period 2010-2011 while employing Bayesian time-varying techniques.
Figure 3.5 shows that the sensitivity of medium and long term IEs to retail sales surprises
increased from around zero bps in 2007 to reach its peak of 3 bps during the crisis and
the ensuing recession, to start decreasing only in the middle of 2012 and reach around
1.5 bps towards the end of the sample.
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Figure 3.4: Time varying estimates of ISM Surprise
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Figure 3.5: Time varying estimates of Retail Sales Surprise
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Regarding the reaction to capacity utilization and industrial production surprises,
Figures 3.6 and 3.7 show significant time variation for BEI-1F9 and 5F5 across our sample.
There are two notable dips in the sensitivity of forward rates to both types of surprises:
the first during the 2008-2009 financial crisis and the second in the mid of 2012, both
mainly due to large negative shocks. The reaction of forward rates shows some cyclical
behavior in which the reaction becomes more negative during crisis periods and less
negative during normal periods. In contrast to the insignificant response of IEs to price
news in the immediate aftermath of the crisis, the sensitivity to real-side news has only
decreased after 2012 and this hints that they have not been well anchored before that.
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Figure 3.6: Time varying estimates of Capacity Utilization Surprise
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Figure 3.7: Time varying estimates of Industrial Production Surprise
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3.6.3 Monetary Policy News

Although the response of BEI-5F5 and BEI-1F9 to monetary policy news is quite similar
as Figure 3.8 shows, there are some differences worth noting.25 With respect to the
reaction of BEI-5F5, the response started increasing in 2009 to reach its peak of 4 bps in
2011, to decrease back to around 0 bp in 2013 and fluctuate around that level thereafter,
given that the credible band includes zero from late 2012 onwards. On the other hand, we
see a more moderate increase in the response of BEI-1F9 until 2011, followed by a decrease
in sensitivity which becomes insignificant from early 2012 because the credible band
includes zero, to reach negative territory from 2013 onwards. For the period extending
from 2009 until late 2011, financial market participants revised up their long term IEs as
a result of monetary easing. One potential explanation, is that during this period many
unconventional monetary policy measures (i.e., forward guidance on the policy rate and
quantitative easing) have been introduced by the Fed to revive the economy and, in turn,
market participants became more optimistic and confident that the economy will get out
of the recession, therefore, they marked up their long term IEs. However, from 2012
onwards, the sensitivity to monetary policy news decreased and even became statistically
insignificant. This might be due to the introduction of an explicit inflation target in
January 2012 which helped anchor IEs, rendering them less sensitive to monetary policy
surprises - see Section 3.8. Another potential explanation is the lack of consensus or
confusion about the effectiveness of unconventional monetary measures to rescue the
economy from disinflation scares and this mutes the reaction of IEs to monetary policy
news, as Scharnagl and Stapf (2015) suggests for the reduced sensitivity of long term IEs
to monetary policy news in the euro area. In summary, the effect of monetary policy
news on long term IEs have only become statistically insignificant in late 2012 and this
serves as evidence that long term IEs were not well anchored until then.
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Figure 3.8: Time varying estimates of MP surprise

25The prior is calibrated on the sample before the ZLB binds (i.e., using the change in 3-month
U.S.treaury bill around FOMC meetings). Time variation is explored duirng the period where the Zero
Lower bound binds.
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3.7 Results for News regressions with Structural Breaks

In this section we test for structural breaks in the coefficients, β1i, of equation 3.1 in
Section 3.2.1, using Bai and Perron (1998) multiple break tests. We study instability in
the response of BEI-1F9 to a subset of economic news which exhibited pronounced time
variation as documented in Section 3.6. We report only news variables which exhibited
one or two breaks.

Table 3.4 below reports the pre- and post break estimates when one break is detected.
A structural break in July 2010 is detected in the response to CPI surprises and a break in
September 2012 is detected for monetary policy surprises. Table 3.5 reports two structural
breaks in the response to retail sales surprises: the first in late 2008 and the second in 2012.
Figure 3.9 plots the time-varying response to CPI surprises versus the response subject
to a structural break. First, it seems that structural breaks exaggerate the magnitude of
the response. For example, the response to CPI surprises before and after the crisis is
larger, in absolute terms, compared to the time-varying response. Furthermore, Figure
3.10 shows that structural breaks might underestimate or overestimate the magnitude
of the response to news even if they capture the regimes properly. Generally speaking,
structural breaks in the response to news fail to capture smooth transitions or gradual
changes which are at the heart of the learning process undertaken by financial market
participants.
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Figure 3.9: TV estimates vs Breaks for CPI
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Figure 3.10: TV estimates vs Breaks for Monetary Policy and Retail Sales surprises

3.8 Macro Determinants of Time Variation

In the previous sections we have shown that the response of market-based long-term IEs
to price, real-side and monetary policy news is indeed time-varying. In this section, we
uncover the macroeconomic determinants behind the reduced sensitivity of IEs to news.

Bernanke (2007), among others, stressed the importance of unearthing the factors
that determine IEs as this is crucial to carry out sound policy analysis and better forecast
inflation.

More recently, Fischer (2015) discussed US inflation developments in his speech in
Jackson Hole. He highlighted that the ongoing economic slack, the rise in the US dollar,
and the drop in oil prices are putting downward pressure on (core) inflation. We suspect
that some of these factors might also be determinants of the sensitivity of IEs to news.
Following Drager and Lamla (2013) and Drager, Lamla and Pfajfar (2015), we also use a
dummy variable that takes value 1 from the first month of 2012 to capture the effect of
an explicit inflation target on market-based IEs. Moreover, Goldberg and Grisse (2013)
explain time variation of asset prices to news using inflation, unemployment and the
federal funds rate, among other variables.

3.8.1 Data

The macro determinants that we employ are: the federal funds rate (FFR), a dummy
variable for the explicit inflation target announced by the Fed in January, 2012 (FedTar-
get), core personal consumption expenditures (PCE) as a measure of inflation, civilian
unemployment rate as a proxy for economic slack and crude oil price. All variables are
monthly and enter the regression in first differences since most unit root tests suggested
that they are not stationary, except for FedTarget. Additionally, unemployment, infla-
tion, crude oil price and federal funds rate are included with one lag to circumvent the
fact that those macro variables are potentially endogenous and to account for a publica-
tion lag. The federal funds rate, core personal consumption expenditures, unemployment
and crude oil price are obtained from FRED. Appendix 3.D contains plots of the data
used.
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3.8.2 Results

To study the drivers of time variation in the response of long-term IEs to economic
news, we estimate the regression in equation 3.5 below. Let MDjt be short for macro
determinant, where j denotes the jth macro determinant, J the total number of macro
determinants and β̂1i,t corresponds to an estimate of the time-varying response of IEs to
an announcement i as in Equation (3.1) above.

∆β̂1i,t = β0i +

J∑

j=1

δ1ijMDjt + νit (3.5)

where t ∈ Ti, where Ti is the sample size of the macro announcement under consideration.
Moreover, to account for the use of generated regressors as a dependent variable, we

use the 5000 draws that we based our analysis on in section 3.6. For each of these draws
we estimate regression 3.5. As a result of that, we obtain a distribution for each coefficient
in regression 3.5. The mean of each of these distributions along with its 95% quantile are
reported in Table 3.6 below.

We study the causes behind time variation in response to CPI, PPI, retail sales, mon-
etary policy and ISM index surprises. These responses, among others, exhibited the most
pronounced time variation as we documented in Section 3.6.

Table 3.6 portrays interesting results. With respect to the determinants of time
variation to price news–CPI and PPI–, three variables play a statistically significant
role: the FedTarget, unemployment and FFR. An explicit inflation target increases the
sensitivity of long run IEs to CPI news. Taking this result at face value, it appears
to be counterintuitive because one would expect the opposite sign. But given that the
sensitivity to CPI news is non-positive for a considerable part of our sample (Figure
3.3 above), an explicit numerical target most probably helped raise the sensitivity from
negative values back to non-negative territory. In other words, the explicit inflation target
helped anchor IEs at a positive value during a period where inflation was very low and
there were worries that long run IEs are anchored at the wrong value. On the other hand,
an explicit numerical target decreases the sensitivity to PPI news and this makes sense
given that the sensitivity to PPI news is positive and decreasing in the aftermath of the
crisis, as Figure 3.4 above shows. Another important determinant is the change in FFR,
which proxies for the zero lower bound (ZLB) that the US economy reached in December
2008. Our results show that the ZLB decreases the sensitivity of long run IEs to price
news. This finding is broadly speaking in line with the conclusions of T. Swanson and
C. Williams (2014)26 who measured the impact of ZLB by the reduced sensitivity of bond
yields to news.

Regarding the response to real-side and monetary policy news, we find that the Fed-
Target decreases the sensitivity to retail sales, ISM, and monetary policy news, although
the effect is only statistically significant for retail sales. The intuition is clear: an explicit

26It is worth noting that we are studying the sensitivity of long run market-based IEs derived from
forward rates whereas T. Swanson and C. Williams (2014) studies the sensitivity of nominal bond yields
of different maturities, so in essence we are studying the sensitivity of two different variables to the same
kind of news.
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numerical target anchors the IEs of financial market participants rendering economic
shocks transitory and, in turn, decreases the sensitivity of long term IEs to these news.
The ZLB, proxied by the change in FFR, increases the sensitivity to ISM news while it
decreases the sensitivity to retail sales and monetary policy news. This hints that the
presence of the ZLB did not decrease the sensitivity of IEs to all kind of news, in contrast
to what T. Swanson and C. Williams (2014) conclude regarding long-term bond yields.27

With respect to macroeconomic variables, an increase in unemployment rate has a
significant positive effect on the sensitivity of IEs to price, real-side news and monetary
policy news. One potential explanation goes as follows: during bad economic times when
the unemployment rate is increasing, economic agents start monitoring the economy more
closely and, in turn, their long term IEs will become more sensitive to shocks hitting the
economy. Another explanation relates to the fact that forward guidance in the US and
the decision to lift interest rates from the ZLB was conditional on unemployment rate,
among other variables, reaching a certain level. Other macroeconomic variables, like
inflation rate and oil prices, enter significantly but have different signs on the sensitivity
of IEs to news. Taken together, the results in Table 3.6 allude to three important drivers
of time-variation in far ahead forward BEI rates to news, namely: The FedTarget in 2012,
the federal funds rate and the unemployment rate.

3.9 Conclusion

This paper addresses two questions. First, when did long-term US IEs get re-anchored in
the aftermath of the crisis? Second, did the explicit inflation target in 2012 help anchor
IEs and what drives the time variation in their response to news? Using time-varying
news regressions estimated with Bayesian techniques from 2004 till 2015, we find that the
response of far ahead forward BEI rates to the majority of macro news have not decreased
until mid 2012. Therefore, our results hint that US IEs have not been re-anchored until
mid 2012. Regarding the drivers of time variation in response to news, we find that the
introduction of an explicit inflation target in 2012 reduces the response to price and real
side news. Additionally, our results highlight that the unemployment and federal funds
rates are important determinants of time variation.

27T. Swanson and C. Williams (2014) study whether the average sensitivity of bond yields to all
macroeconomic news decreased in the presence of ZLB, rather than the sensitivity to some news sepa-
rately as in our framework, which might explain the discrepancies in the results, in addition to the fact
that they are not studying IEs per se.



Appendix

3.A Tables for the results in Chapter 3

Table 3.1: US Macroeconomic Announcements

Data Release Frequency Mean Standard Deviation Units Obs

Core Consumer Price Index Monthly -0.01 0.1 Percent change mom 133
Core Producer Price Index Monthly 0.01 0.25 Percent change mom 132

Personal Consumption Expenditures Monthly -0.01 0.16 Percent 132
Initial Claims Weakly 1 18.64 Thousands 576

Monetary policy 8 per year -0.00 3.93 Percent 89
Nonfarm Payrolls Monthly -13 67.71 Thousands 132
Unemployment Monthly -0.03 0.15 Percent 132
GDP(advance) Quarterly -0.10 0.67 Percent change qoq 44

ISM Manufacturing Monthly 0.1 1.99 Index 131
Retail Sales Monthly -0.02 0.5 Percent change mom 133

Consumer Confidence Monthly 0.1 5.21 Index 131
Capacity Utilization Monthly 0.00 0.4 Percent 132
Industrial Production Monthly -0.05 0.4 Percent 133

New Homes Monthly 0.00 58.5 Thousands 132
Leading Indicators Monthly 0.03 0.21 Percent 134

Employment Cost Index Quarterly -0.03 0.18 Percent change qoq 44

Notes: Standard deviation pertain to the Macro/Monetary surprise and correspond to the sample June 2004-May 2015.

Table 3.2: Contemporaneous Announcement Releases

CPI PPI PCE Claims MP Nonfarm Unemp GDP ISM RS CC CU IP NH LI ECI

CPI 133 0 0 29 7 0 0 0 0 0 0 47 47 1 12 0
PPI 0 133 0 26 6 0 0 0 0 34 0 25 25 0 2 0
PCE 0 0 133 30 2 6 6 0 29 0 0 0 0 12 1 13

Claims 23 26 30 577 5 3 3 9 30 18 3 16 16 32 102 7
MP 7 6 2 5 89 0 0 10 2 4 3 1 0 6 0 7

Nonfarm 0 0 6 3 0 132 132 0 9 0 0 0 0 0 0 0
Unemp 0 0 6 3 0 132 132 0 9 0 0 0 0 0 0 0
GDP 0 0 0 9 10 0 0 44 0 0 0 0 0 0 0 23
ISM 0 0 29 18 2 9 9 0 131 0 0 0 0 0 0 0
RS 0 34 0 30 4 0 0 0 0 133 1 7 7 0 0 0
CC 0 0 0 3 3 0 0 0 0 1 133 0 0 16 0 0
CU 47 25 0 15 1 0 0 0 0 7 0 133 133 0 0 0
IP 47 25 0 15 0 0 0 0 7 0 0 133 133 0 1 0
NH 1 0 12 6 0 0 0 0 31 16 0 0 0 133 1 0
LI 12 2 1 102 0 0 0 0 0 0 0 0 1 1 134 0

ECI 0 0 13 23 7 0 0 7 0 0 0 0 0 0 0 44
Note: Notes: The table reports the number of times each economic announcement is released concurrently with other announcements
for the 16 economic announcements that we consider. The sample period covers June 10, 2004-May 25, 2015. Since we are studying
the response of daily IEs, it is irrelevant whether the announcements are released at 8:30 am, 9:15 am or later in the day. This Table
contains abbreviations of the macroeconomic announcements in Table 1.
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Table 3.3: Separate regressions of daily US BEI forward rates and yields on macroeco-
nomic and monetary policy surprises

∆2Y ∆5F5 ∆1F9 # of Obs

β̂1i R2 β̂1i R2 β̂1i R2

Core CPI
3.17**

0.16
0.96**

0.14
0.72**

0.12 132
(2.54, 3.79) (0.31, 1.61) (0.08, 1.37)

Core PPI
1.20**

0.18
0.90**

0.12
1.12**

0.17 130
(0.72, 1.67) (0.53, 1.27) (0.74, 1.50)

PCE
0.29

0.02
0.43

0.04
0.59**

0.04 130
(-0.12, 0.72) (-0.01, 0.87) (0.05, 1.14)

Initial Claims
-0.26

0.01
-0.73**

0.01
-0.70**

0.01 573
(-0.65, 0.11) (-1.04, -0.43) (-1.06, -0.33)

MP
-0.09

0.008
1.22**

0.16
1.11**

0.13 63
(-1.32, 1.14) (0.61, 1.81) (0.45, 1.77)

Nonfarm Payrolls
1.69**

0.09
0.44**

0.01
0.30

0.006 132
(1.11, 2.28) (0.02, 0.87) (-0.11, 0.73)

Unemployment
0.67**

0.09
-0.02

0.01
-0.27

0.006 132
(0.04, 1.30) (-0.38, 0.34) (-0.70, 0.15)

GDP
1.51**

0.11
1.23**

0.13
1.41**

0.12 44
(0.37, 2.65) (0.67, 1.80) (0.81, 2.01)

ISM
0.03

0.002
0.24

0.01
0.46

0.009 130
(-0.43, 0.49) (-0.15, 0.64) (-0.14, 1.07)

Retail Sales
0.96**

0.03
1.39**

0.13
1.68**

0.16 131
(0.37, 1.56) (0.95, 1.84) (1.21, 2.16)

Consumer Confidence
-0.21

0.007
0.21

0.004
0.06

0.016 131
(-0.61, 0.19) (-0.21, 0.63) (-0.38, 0.51)

Capacity Utilization
2.07**

0.13
0.79**

0.10
0.86**

0.09 132
(0.78, 3.36) (0.29, 1.30) (0.29, 1.43)

Industrial Production
1.23

0.13
-1.84**

0.10
-1.68**

0.09 132
(-1.26, 3.74) (-2.52, -1.17) (-2.40, -0.95)

New Home Sales
0.07

0.01
0.45**

0.01
0.73**

0.02 132
(-0.31, 0.47) (0.18, 0.72) (0.42, 1.04)

Leading Indicators
0.43

0.09
-0.26

0.06
-0.78

0.06 133
(-0.30, 1.16) (-1.20, 0.68) (-2.06, 0.49)

ECI
-0.67

0.30
-0.21

0.09
-0.29

0.08 44
(-1.47, 0.12) (-0.82, 0.39) (-0.95, 0.36)

Notes: The coefficients in this table pertain to OLS estimates of regressions (1). The independent variables, in the first column of this table, are the surprise
components of the respective releases. The dependent variable is the daily change, in basis points, of two-year BEI yields (first column), five-to-ten-year
forward rate (second column) and one-year forward rate from nine to ten years (third column). We include a concurrent announcement if there is at least
10% overlap with the announcement under consideration (see Table 2 for details). The intercepts are not relevant and thus omitted (results available open
request). 68% confidence intervals are included below the estimates. ** denotes statistical significance at 32% level.



Sensitivity to priors, robustness to alternative specifications and

convergence diagnostics 67

Table 3.4: News regressions with one Structural Break

∆1F9

Before Break After Break Break Date

CPI
2.03** -2.00**

2010M07
(0.81) (0.67)

MP
3.40** -1.84**

2012 M09
(0.56) (0.94)

Notes: The estimates in this table are obtained from regression (1) estimated by OLS and using White heteroskedasticity standard errors. The dependent
variable is the daily change, in basis points, of 1 year forward rate 9 years ahead. The independent variables are the surprise components of the macroe-
conomic variables in the first column of this table. ** denotes significance at 5% level and * at 10% level. M denotes month. Sample: June, 2004 to May,
2015.

Table 3.5: News regressions with two Structural Breaks

∆1F9

Before Break 1 Before Break 2 After Break 2 Break Date

RS
-0.59 3.42** 0.25 2008M08
(0.38) (0.54) (0.47) 2012M10

Notes: Same notes as in Table 4. RS for retail sales.

Table 3.6: Macro Determinants of Time Variation

∆β̂1t,CPI ∆β̂1t,PPI ∆β̂1t,RS ∆β̂1t,MP ∆β̂1t,ISM

FedTargett
0.058** -0.024** -0.079** -0.166 -0.116

[0.028,0.153] [-0.052,-0.015] [-0.107, -0.065] [-0.55, 0.097] [-0.25, 0.004]

∆FFRt−1
-0.067** -0.022** -0.131** -0.45 1.99**

[-0.229,-0.007] [-0.059,-0.013] [-0.16, -0.11] [-13.89, 11.39] [0.29,2.93]

∆Oilt−1
0.0019** -1.97E-05 -0.0024** -0.0014 0.028**

[0.0012,0.0045] [-0.0009,0.0002] [-0.004,-0.0005] [-0.043, 0.038] [0.021, 0.030]

∆Inflationt−1
-0.043 -0.034** -0.115** -0.114 0.47**

[-0.147,0.011] [-0.103,-0.0034] [-0.169, -0.045] [-3.15, 2.61] [0.39, 0.78]

∆Unemploymentt−1
0.020 0.032** 0.039** 0.128** 0.41**

[-0.026, 0.089] [0.0044, 0.1172] [0.023, 0.083] [1.08, 1.51] [0.28, 0.46]
Observations 105 105 105 50 105

Notes: The dependent variable is in basis points and enters in first differences because it is generated by a unit root process. Additionally, the time varying
estimates used are generated using the weakly informative prior mentioned in section 4.3. Inflation and Unemployment enter the regression in Percentage
points. The intercepts are omitted because they were not significant. FFR is short for federal funds rate. FedTarget is a dummy variable that takes value
1 after the introduction of the numerical inflation target in 2012. Regression is estimated by OLS. ** denotes statistical significance (when zero is not
included in the 95% quantile of the distribution).

3.B Sensitivity to priors, robustness to alternative

specifications and convergence diagnostics

In this section we examine whether the sensitivity of long term IEs to news is robust
to using a non-informative prior for Q, as explained in section 3.4.3 above, and an au-
toregressive process with an autoregressive parameter equal to 0.95 instead of a driftless
random walk. We will only investigate the degree of time variation for the news variables
that exhibited considerable time variation in Section 3.6. The plots in the left panel
below correspond to using a non-informative prior for Q and the ones in the right panel
correspond to employing an autoregressive process along with a weakly informative prior
as illustrated in Section 3.4.3 above.
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Figure 3.11: Time varying estimates of Core CPI surprise
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(a) PPI surprise (Noninformative prior) (BEI-
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Figure 3.12: Time varying estimates of Core PPI surprise
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Figure 3.13: Time varying estimates of ISM surprise
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(a) RS surprise (Noninformative prior) (BEI-
1F9)
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(b) RS surprise (Autoregressive process) (BEI-
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Figure 3.14: Time varying estimates of Retail Sales surprise
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(a) CU surprise (Noninformative prior) (BEI-
1F9)
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(b) CU surprise (Autoregressive process) (BEI-
1F9)

Figure 3.15: Time varying estimates of Capacity Utilization surprise
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(a) IP surprise (Noninformative prior) (BEI-
1F9)
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Figure 3.16: Time varying estimates of Industrial Production surprise
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(a) MP surprise (Noninformative prior) (BEI-
1F9)
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Figure 3.17: Time varying estimates of Monetary Policy surprise

Analyzing the plots above, we conclude that the general pattern of time variation to
news is preserved regardless which prior is used and specification of the evolution of the
state variable.

Figure 3.18: 20th order sample autocorrelation of the draws
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Figure 3.19: Inefficiency Factors
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3.C Liquidity and Risk adjustment of BEI forward

rates

We use GARCH standard deviation of daily increments of BEI forward rates and AAA-
spread as proxies for risk and liquidity premium as in Strohsal and Winkelmann (2015).
The AAA-spread is the difference between ten-year AAA-rated US corporate bond yields
and ten-year nominal government bond yields. The former are considered less liquid than
the latter and thus the spread is a good proxy for liquidity premium. The AAA corporate
bond yields are obtained from Datastream. We regress BEI forward rates (1F9 and 5F5)
on these two proxies. See Table 3.728 for the results and Figure 3.20 for the US liquidity
proxies. The coefficients on GARCH standard deviation and AAA-spread in Table 3.7 are
significant at the 5% level. An increase in the AAA-spread decreases break-even inflation
rates, as it increases the TIPS liquidity premium and, in turn, its yield and forward rate.
On the other hand, an increase in the GARCH standard deviation increases break-even
inflation rates since it reflects an increase in inflation risk premium which, in turn, in-
creases the yield and forward rate on nominal bonds. One can possibly conclude after
comparing the sizes of these two coefficients that forward BEI rates comprise more of risk
rather than liquidity premia. To purge forward BEI rates from risk and liquidity premia
we use the residuals of the regressions in Table 3.7 (see Pflueger and Viceira (2011) for
details). Figure 3.21 shows the adjusted BEI forward rates (1F9 and 5F5) which will be
used, after taking first differences, as dependent variables in the news regressions.

28We experimented with different proxies for liquidity premium for example, off-on the run spread,
TIPS trading volume and VIX index but they didnt enter with the right sign. In other words, instead of
entering with negative sign, they entered with a positive sign and thus they do not qualify as liquidity
proxies.
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Table 3.7: Liquidity and Risk premium regressions

BEI-1F9 BEI-5F5

AAA-spread
-0.15** -0.14**
(0.02) (0.02)

BEI-standard deviation
4.87** 2.93**
(0.37) (0.41)

R2 0.1 0.04

Notes: Least Squares estimation of BEIt= c + β1 AAA− spreadt+β2 BEI-GARCH standard deviation +ut. The sample period is June 2004-June 2015.
Daily data is used for independent and dependent variables. ** represent statistical significance at the 5% level. BEI is short for break-even inflation rate.
Newey-West HAC standard errors are used. Intercepts are omitted.

Figure 3.20: US liquidity proxies (1F9)
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(a) Adjusted 5F5
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(b) Adjusted 1F9

Figure 3.21: Adjusted BEI forward rates

3.D Plots of the Macroeconomic Determinants

Plots of the Macro determinants used in Section 3.8.
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3.E Robustness to risk and liquidity premia

In this section, we explore whether our results are sensitive to the liquidity and inflation
risk premia proxies employed in Table 3.7. Strohsal and Winkelmann (2015) do not cor-
rect BEI rates from risk premia, as they believe that a central bank should also minimize
inflation uncertainty/risk. Moreover, Bauer (2015) does not correct BEI forward rates
from neither risk premia nor liquidity premia. Following the previous two papers, the
results below are obtained using unadjusted BEI forward rates, or, in other words, infla-
tion compensation.29

In comparison to the time varying estimates in section 3.6 and Table 3.3, the results
did not change much which implies that the liquidity and risk proxies that we employ
do not introduce artificial noise. This is mainly due to the fact that risk premia move
slowly, typically at business cycle frequencies, and thus their level does not matter since
we deal with daily changes in BEI forward rates.

29However, we experimented with regressions like the ones in Table 3.7 but without GARCH standard
deviation but with various liquidity proxies (e.g. VIX index, TIPS trading volume, Refcorp-spread).
The estimates either entered with the wrong sign or were not statistically significant, for that reason we
decided not to correct for neither risk nor liquidity premia. Results are available upon request.
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(e) CPI Surprise (BEI-5F5)
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(f) CPI Surprise (BEI-1F9)

Figure 3.22: Time varying estimates of Core CPI surprise
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(a) PPI surprise (BEI-5F5)
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Figure 3.23: Time varying estimates of PPI Surprise
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Figure 3.24: Time varying estimates of ISM Surprise
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Figure 3.25: Time varying estimates of RS Surprise
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Figure 3.26: Time varying estimates of CU Surprise
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Figure 3.27: Time varying estimates of IP Surprise
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Table 3.8: Separate Regressions of daily US BEI forward rates on macroeconomic and
monetary policy surprises

∆5F5 ∆1F9 # of Obs

β̂1i R2 β̂1i R2

Core CPI
0.87**

0.13
0.80**

0.11 132
(0.24, 1.49) (0.13, 1.46)

Core PPI
0.98**

0.10
1.24**

0.15 130
(0.57, 1.38) (0.81, 1.67)

PCE
0.56**

0.05
0.66**

0.05 130
(0.11, 1.00) (0.17, 1.16)

Initial Claims
-0.81**

0.02
-0.73**

0.01 573
(-1.03, -0.58) (-0.98, -0.48)

MP
1.49**

0.19
1.32**

0.14 63
(1.06, 1.92) (0.82, 1.81)

Nonfarm Payrolls
0.56**

0.01
0.45**

0.008 132
(0.19, 0.93) (0.02, 0.88)

Unemployment
0.13

0.01
-0.07

0.008 132
(-0.24, 0.50) (-0.49, 0.35)

GDP
1.10**

0.11
1.21**

0.09 44
(0.43, 1.76) (0.48, 1.95)

ISM
0.33

0.01
0.68**

0.02 130
(0.00, 0.66) (0.26, 1.11)

Retail Sales
1.39**

0.13
1.68**

0.15 131
(0.97, 1.82) (1.24, 2.13)

Consumer Confidence
0.18

0.007
0.04

0.02 131
(-0.17, 0.53) (-0.35, 0.44)

Capacity Utilization
0.70**

0.10
0.86**

0.08 132
(0.14, 1.26) (0.24, 1.47)

Industrial Production
-1.79**

0.10
-1.69**

0.08 132
(-2.35, -1.23) (-2.30, -1.08)

New Home Sales
0.42

0.009
0.69**

0.02 132
(-0.01, 0.87) (0.23, 1.15)

Leading Indicators
-0.37

0.07
-0.88**

0.01 133
(-1.02, 0.27) (-1.63, -0.13)

ECI
-0.21

0.09
-0.26

0.07 44
(-0.77, 0.34) (-0.87, 0.35)

Note: See Table 3. BEI-5F5 and BEI-1F9 used in the table above are not purged
from liquidity and risk premia, in other words we are using inflation compensa-
tion.
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Figure 3.28: Time varying estimates of MP Surprise
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3.F Recursive standard deviation in real time

We adapt the framework described in Section 3.2.1 and standardize the news variables
by the real-time standard deviation rather than the standard deviation across the entire
sample, which is not available to the agent in real time.30The news series in the first 20
% of the sample (i.e., calibration period) is standardized by the standard deviation of the
news from the start of the sample till the end of the calibration period (i.e., 20% of the
sample). Over the period where we explore time variation, the news variable at each point
in time is standardized by the standard deviation up to that observation (i.e., starting
from the first observation in the calibration period). The recursive standardization does
not change the results materially.

Figures 3.29 and 3.30 below show the difference between recursively and full-sample
standardized news for CPI, ISM, PPI and retail sales. The plots show that there are some
differences which become more pronounced typically during the crisis period. Plots 3.31
and 3.32 show the recursive standard deviation and the full sample standard deviation
for the same macroeconomic announcements. The recursive standard deviation differs
from the full sample standard deviation but the differences are not pronounced. This
is validated when we plot the time varying response in figures 3.33-3.34, which are very
close to the ones we obtain in Section 3.6, where full sample standard deviations are
employed.
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Figure 3.29: Difference between recursively and full sample standardized CPI and ISM
surprises

30The medium and far-ahead forward rates used in the estimation were not purged from neither risk
nor liquidity premia, so we are using the raw data, but as we saw in the previous section, the results are
not affected by the liquidity and risk premia proxies.
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Figure 3.30: Difference between recursively and full sample standardized PPI and RS
surprises
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Figure 3.31: Recursive standard deviation for ISM and CPI news
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Figure 3.33: Time varying estimates of ISM and CPI surprises
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Figure 3.34: Time varying estimates of PPI and retail sales surprises
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3.G News regressions with all macroeconomics news

Comparing the results in Table 3.10 below to those in Table 3.3, we find that they are
similar with few exceptions. For example, the coefficient on monetary policy is not any-
more significant in the table below and the reason behind that is the sample that we
employ; in Table 3.3 we start in 2007 in order to rule out that the time variation that
we find is due to the different proxies of monetary policy surprises before and after the
ZLB binds, whereas in Table 3.10 our sample starts in mid 2004 for all macroeconomic
announcements. Additionally, coefficients on leading indicators and ECI become statis-
tically significant.

With respect to the time variation in the sensitivity, we do not find any time variation
in ISM and the time variation in retail sales is weaker compared to the first approach.
The reason behind that, is that the news variables are padded with zeros and of a different
frequency, which can both lead to misleading results, as the zeros are not good proxies for
missing data. Additionally, they introduce “false noise” that may mask the time-variation
we want to reveal.

Table 3.9: Regressions of daily IEs changes on macroeconomic surprises

∆2Y ∆5F5 ∆1F9

β̂i β̂i β̂i

Core CPI
2.83** 0.64** 0.67**

(2.27, 3.38) (0.23, 1.05) (0.19, 1.14)

Core PPI
0.99** 0.78** 0.96**

(0.43, 1.54) (0.37, 1.19) (0.48, 1.43)

Initial Claims
-0.49** -0.71** -0.62**

(-0.75, -0.22) (-0.91, -0.52) (-0.85, -0.40)

MP
0.14 -0.00 -0.19

(-0.50, 0.79) (-0.48, 0.47) (-0.75, 0.36)

Nonfarm Payrolls
1.11** 0.13 -0.11

(0.57, 1.66) (-0.27, 0.53) (-0.58, 0.34)

Unemployment
0.37 -0.04 -0.37

(-0.17, 0.92) (-0.44, 0.36) (-0.84, 0.09)

GDP
1.77** 1.24** 1.27**

(0.79, 2.74) (0.52, 1.96) (0.44, 2.10)

ISM
0.07 0.24 0.42

(-0.47, 0.63) (-0.16, 0.64) (-0.04, 0.89)

Retail Sales
1.18** 1.44** 1.67**

(0.62, 1.73) (1.04, 1.85) (1.20, 2.15)

Consumer Confidence
-0.38 0.21 0.09

(-0.94, 0.17) (-0.19, 0.63) (-0.37, 0.57)

Capacity Utilization
1.79** 0.60** 0.53

(1.10, 2.48) (0.09, 1.10) (-0.05, 1.11)

Industrial Production
1.87** -1.67** -1.41**

(1.18, 2.56) (-2.18, -1.16) (-2.00, -0.82)

New Home Sales
0.15 0.44** 0.68**

(-0.40, 0.70) (0.03, 0.85) (0.20, 1.16)

Leading Indicators
-0.88 0.60** 0.35

(-1.42, -0.34) (0.19, 1.00) (-0.11, 0.82)

ECI
-0.17 -0.80** -0.33

(-1.12, 0.78) (-1.50, -0.09) (-1.14, 0.47)

Observations 1483 1483 1483

R2 0.05 0.03 0.02
H0 : β = 0 (p-value) 0.000 0.000 0.000

Note: See Table 3.
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Figure 3.35: Time varying estimates of ISM and RS surprise

3.H Sensitivity to the prior of β̂
We conduct a robustness check in which the prior for β is 20 times the standard error of
β̂ for two macroeconomic announcements, CPI and ISM. The results are essentially the
same as in Section 3.6.
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Figure 3.36: Time varying estimates of CPI and ISM Surprise
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3.I News effects measured after three days

In the Table 3.11, we present results for news effects being measured after three days
instead of one (news effects after one day are reported in Table 3.3). Comparing the
results below with the ones obtained in Table 3.3 for BEI-1F9 and BEI-5F5, we find that
the results are close with some exceptions. The results that are robust are the coefficients
on PPI, initial claims, monetary policy, GDP and industrial production. However, the
coefficients on CPI, retail sales, capacity utilization, and new homes are not significant
anymore while ISM becomes significant for BEI-5F5 and nonfarm payrolls for BEI-1F9.
One can conclude that for some announcements the statistical significance might be
reflecting liquidity and inflation risk effects rather than news effects or that a three day
window is wide enough that the effect of the news dies out, given that financial markets
incorporate news very fast.

Table 3.10: Regressions of daily IEs on macroeconomic surprises

∆5F5 ∆1F9 # of Obs

β̂1i R2 β̂1i R2

Core CPI
1.28

0.14
0.77

0.10 132
(-0.01, 2.58) (-0.25,1.80)

Core PPI
1.60**

0.05
2.24**

0.08 130
(0.76, 2.44) (1.45, 3.02)

PCE
0.00

0.10
-0.29

0.03 130
(-0.62, 0.63) (-1.01, 0.41)

Initial Claims
-1.76**

0.04
-1.37**

0.02 573
(-2.28, -1.23) (-1.86, -0.86)

MP
1.81**

0.05
1.59**

0.04 63
(0.23, 3.39) (0.03, 3.16)

Nonfarm Payrolls
0.37**

0.002
0.91**

0.01 132
(-0.48, 1.22) (0.11, 1.71)

Unemployment
-0.18

0.002
-0.66

0.01 132
(-0.98, 0.61) (-1.57, 0.23)

GDP
1.43**

0.10
1.54**

0.09 44
(0.24, 2.62) (0.29, 2.78)

ISM
1.30**

0.04
0.46

0.02 130
(0.54, 2.07) (-0.46, 1.38)

Retail Sales
0.39

0.06
0.50

0.06 131
(-0.38, 1.18) (-0.27, 1.29)

Consumer Confidence
0.93

0.02
0.40

0.003 131
(-0.15, 2.02) (-0.76, 1.56)

Capacity Utilization
0.45

0.09
0.02

0.06 132
(-0.86, 1.77) (-0.98, 1.02)

Industrial Production
-3.08**

0.09
-2.12**

0.06 132
(-5.19, -0.97) (-3.94, -0.29)

New Home Sales
0.00

0.001
0.17

0.01 132
(-0.67, 0.68) (-0.49, 0.83)

Leading Indicators
0.71

0.09
0.30

0.07 133
(-0.23, 1.66) (-0.73, 1.35)

ECI
-1.02

0.10
-0.98

0.08 44
(-2.15, 0.11) (-2.33, 0.35)

Note: See Table 3. 68% confidence intervals are reported below the estimates.
BEI-1F9 and BEI-5F5 are not initially purged from liquidity and risk premia.



CHAPTER 4

Structural break tests robust to regression

misspecification1

4.1 Introduction

There is a large literature on alternative structural break tests, as well as empirical
evidence that many economic indicators went through periods of structural change. Most
structural break tests are developed for the slope parameters of a regression model - see
inter alia Andrews (1993) , Andrews and Ploberger (1994), Ploberger and Krämer (1992),
Bai and Perron (1998).

Macroeconomic variables may often exhibit long-run mean shifts, that is, structural
breaks in their unconditional mean. Mean shifts in unemployment rates, interest rates,
GDP, inflation and other macroeconomic variables may signal permanent changes in
the structure of the economy and are therefore themselves of interest to practitioners.
Nevertheless, very few papers test for unconditional mean shifts; instead, most of the
literature refers to ”mean shifts” as breaks in the short-run conditional mean and proceed
with the usual regression based tests for break-points - see inter alia Vogelsang (1997),
Vogelsang (1998), Perron and Yabu (2009) and McKitrick and Vogelsang (2014).2

In this paper, we show, analytically and through simulations, that tests for conditional
mean breaks are severely oversized when the functional form is misspecified, leading to
detection of spurious breaks. Their unconditional counterparts are not plagued by the
same issues and we propose using them instead, or in conjunction with, the conditional
mean break tests.

The sensitivity of the conditional mean break tests to functional form misspecifica-
tions has been documented earlier. Chong (2003) focused on cases with iid, conditionally
homoskedastic errors. Bai et al. (2008) focused on models with measurement error and
proposed a new break-point test that corrects for measurement error. Another strand
of literature focuses on trend breaks rather than mean breaks. It shows that dynamic
misspecification of the conditional mean may result in severe size distortions and non-

1This chapter is based on Abi Morshed, Andreou, Boldea (2016).
2There are a few notable exceptions. For example, Rapach andWohar (2005) directly tested and found

multiple unconditional mean shifts in international interest rates and inflation using the Bai and Perron
(1998) tests. Elliott and Müller (2007) and Eo and Morely (2015) considered in their simulations a break
in the unconditional mean (and variance) of a time series. Their focus was on constructing confidence sets
with good coverage for small and large breaks, by inverting structural break tests. Recently, Müller and
Watson (2015) proposed new methods for detecting low-frequency mean or trend changes. Our paper is
different as it highlights the properties of the existing sup Andrews test for a break in the unconditional
and conditional mean and variance of a time series.
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monotonic power - see inter alia Vogelsang (1997), Vogelsang (1998), Vogelsang (1999),
Kejriwal (2009), Perron and Yabu (2009) and McKitrick and Vogelsang (2014). The the-
oretical and simulation results in these papers are backed up by the empirical studies in
Altansukh et al. (2012) and Bataa et al. (2013), who expose the undesirable effects of mis-
specifying the conditional mean seasonalities, outliers, dynamics and heteroskedasticity
in practice.

In this paper, we analyze the effects of static and dynamic misspecification on condi-
tional mean break tests. We focus on the sup Wald test of Andrews (1993) because it is
widely used in applied work. We prove that its asymptotic distribution is nonstandard
and highly data-dependent when the number of lags is underspecified. Our analysis fo-
cuses on stationary weakly dependent and heteroskedastic processes, generalizing the iid
homoskedastic results derived in Chong (2003).3

Most of the literature proposed correcting for dynamic misspecification by better lag
selection procedures -Vogelsang and Perron (1998), Perron and Yabu (2009) - or by fixed
bandwidth asymptotics - Vogelsang (1998), Sayginsoy and Vogelsang (2011), Cho and
Vogelsang (2014). In this paper, we propose testing for breaks in the unconditional mean
instead. Breaks in the conditional mean are not equivalent, yet closely related, to breaks
in the conditional mean, as long as the conditional mean is correctly specified. Aue
and Horvath (2012), among others, illustrate tests for both type of breaks in a recent
comprehensive review on structural break tests. We run an extensive simulation study to
show that for most common static and dynamic misspecifications in the conditional mean,
the unconditional mean break test, corrected for autocorrelation, yields correctly-sized or
under-sized tests, compared to over-sized conditional mean tests. Moreover, the power of
both tests is very similar, especially as the sample size increases.4 Similar results hold for
the unconditional versus conditional break tests in variance. Therefore, the approach of
testing first for a break in the unconditional mean and variance of the variable of interest
is not only complementary to the regression approach, but is robust to alternative sources
of misspecification.

There is a plethora of empirical evidence for breaks in the conditional mean and
volatility of many US macroeconomic time series during the early mid 1980s, associated
with the Great Moderation (see for example, McConnell and Perez-Quiros (2000), Stock
and Watson (2002), Sensier and van Dijk (2004), Bataa et al. (2013)). Most studies
employ dynamic regression models to detect such breaks. Focusing on unemployment
and interest rates, we show that the unconditional mean and volatility tests detect no
breaks. Thus, the breaks detected by the conditional tests are either spurious because
of size distortions, or they do not result in long-run breaks in the mean or volatility of
unemployment growth or interest rate growth.

This paper is organized as follows: Section 4.2 defines the unconditional break tests
in mean and variance and derives their asymptotic properties in a unified framework.
Section 4.3 defines the conditional structural break tests in mean and variance. It con-

3Nonstationary processes with a trend break and unit root errors, whose first-differences exhibit mean
shifts with stationary errors, have been analyzed in many papers. But, as Vogelsang (1998) and Vogelsang
(1999) show, to recover monotonic power, testing the first-differenced series for a mean shift is better
than testing the level series for a trend shift.

4The only case where our test has comparatively low power to the conditional mean test is in a
correctly specified dynamic model with an intercept very close to zero. This case is further discussed in
the simulation section.
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tains asymptotic results for the conditional break tests under correct specification and
misspecification. Section 4.4 presents the simulation evidence comparing the size and
power of the conditional and unconditional break tests. Section 4.5 illustrates the dif-
ference between these alternative structural break tests approaches with two empirical
applications on the US civilian unemployment rate and the short-term real interest rates.
A final section concludes. All the proofs are relegated to Appendix 4.A.

4.2 Unconditional mean and variance break tests

In this section, we define the unconditional sup Wald test for an unknown break in the
mean or variance of a dynamic univariate process.5

To our knowledge, a test for an unknown unconditional mean break, adjusted for
autocorrelation, is rarely used in the literature.6 Most papers test for a break in the
conditional mean of a series; when they intend to test for an unconditional mean break,
they routinely test for a trend break or an intercept break instead, after specifying a
conditional mean - see e.g. Stock and Watson (2002b). Such approaches have the dis-
advantage that they are highly dependent on the correct specification of the conditional
mean. They also do not shed light on unconditional mean shifts, which may not be
equivalent to conditional mean shifts. Therefore, in this paper, we propose using UM
break tests complementarily to CM break tests, to uncover long-run mean shifts in the
presence of potential static and dynamic misspecification.

We denote the unconditional mean by UM, and the unconditional variance by UV
henceforth. In contrast to UM breaks, UV breaks are routinely tested in applications,
for example to uncover the Great Moderation break. It is common to test for a break
in the absolute value of the demeaned data, as a proxy for testing a variance break - see
McConnell and Perez-Quiros (2000), Stock and Watson (2002b) and Sensier and van Dijk
(2004). We call these tests UA (unconditional absolute deviation) break tests. One can
also use the squared demeaned data to test for a variance break, as in Pitarakis (2004)
and Qu and Perron (2007). We call these UV break tests, because they test directly for
a variance break.7

Below, we state the null asymptotic distributions of UM, UA and UV break tests
under fairly general assumptions on the data. These distributions are not dependent on
regressor, functional form, or seasonality misspecifications, simply because a conditional
mean is not specified. The only misspecification that affects the null asymptotic distri-

5Throughout the paper, we use the sup Wald test definition in Andrews (1993); alternative definitions
of the sup Wald test are available, but they are not equivalent to the original sup Wald test in Andrews
(1993) and should not be confused with it.

6Even though UM tests are not routinely used, they are a special case of the HAC-adjusted conditional
break-point test in e.g. Bai and Perron (1998), when the only regressor is an intercept. Also, a CUSUM
(cumulative sum) variant of this test for iid data is in Pitarakis (2004). As shown in the Appendix,
proof of Theorem 1, for unconditional break tests, there is an explicit asymptotic relationship between
the CUSUM test and the sup Wald test. However, as the Appendix shows, the conclusion of the two
tests based on asymptotic critical values is in general different. Since there is strong evidence for the
non-monotonic power of the CUSUM test - see e.g. Vogelsang (1999), the paper focuses on the sup Wald
test instead.

7Note that a break in the expected absolute value of a demeaned series is not the same as a variance
break only under certain conditions.
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bution of these tests are UM breaks for the UA and UV tests, or UV breaks for the UM
test. Fortunately, this misspecification is easy to correct; we discuss this correction at
the end of this section.

The true model takes the general form:

yt = µ11[t ≤ TUM ] + µ21[t > TUM ] + ut, (4.1)

where µ1, µ2 are deterministic, the break TUM = [TλUM ] is an unknown, fixed fraction
of the sample 0 < λUM < 1, and ut satisfies the assumption below.

Assumption 1.

(i) E(ut) = 0 and Var
(
T−1/2

∑[Tλ]
t=1 ut

)
= λ vu;

(ii) for some d > 4, suptE|ut|d < ∞ and {ut} is L2-near epoch dependent of size
cm = O(m−1) on {gt}, i.e.

∥∥ut − E[ut|Gt+m
t−m ]

∥∥
2
≤ dm with dm = O(m−1) where

Gt+m
t−m = σ(gt−m, . . . , gt+m), and {gt} is either φ-mixing of size m−d/(2(d−1)) or α-

mixing of size m−d/(d−2).8

With these assumptions, yt can exhibit very general dependence - ARMA, GARCH,
nonlinear dependence - but it cannot have unit roots or UV breaks.

For a UM break, the null and alternative hypotheses are:

HUM
0 : µ1 = µ2 vs. HUM

A : µ1 6= µ2.

For a UA break, let at = E|yt − y|, and test:

HUA
0 : at = au vs. HUA

A : at = au,1 1[t ≤ TUA] + au,2 1[t > TUA], au,1 6= au,2.

For a UV break, let vut = E(yt − y)2, and test:

HUV
0 : vt = vu vs. HUV

A : vt = vu,1 1[t ≤ TUV ] + vu,2 1[t > TUV ], vu,1 6= vu,2.

Under the alternative hypotheses, all breaks TUM = [TλUM ], TUV = [TλUV ], TUA =
[TλUA] are assumed to occur at unknown fixed fractions 0 < λUM , λUV , λUA < 1 of the
sample.

The UM test is defined below. It is a special case of the Andrews (1993) sup Wald
test when the only regressor is an intercept, and when the variance is estimated under
the null of no break. Therefore, it is not new; nevertheless, to our knowledge, it is rarely
used in the empirical literature in the form defined below:

UM∗
T = sup

λ∈[ǫ,1−ǫ]

UMT (λ), UMT (λ) = T (y1λ − y2λ)
2/v̂uλ, (4.2)

ǫ > 0 is a small cut-off, typically ǫ = 0.15 in applications, yiλ = T−1
iλ

∑
iλ yt for i = 1, 2,

T1λ = [Tλ], T2λ = T − [Tλ],
∑

1λ =
∑T1λ

t=1,
∑

2λ =
∑T

t=T2λ+1 and v̂uλ is a HAC consistent

estimator of vuλ = AVar(
√
T (y1λ − y2λ)) = vu/[λ(1− λ)] under HUM

0 .

8Here, ‖ · ‖2 = (E‖ · ‖2)1/2 stands for the L2-norm, and | · | stands for the Euclidean norm.
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For the HAC estimator v̂uλ, it is crucial to calculate it over the full sample, i.e. under
the null HUM

0 . If we use sub-sample estimators in its computation - i.e. we estimate the
variances T 1/2(y1λ − µ) and T 1/2(y2λ − µ) separately - we need a separate bandwidth for
each. Since the bandwidth estimation is only accurate in large samples, for those λ’s that
are close to ǫ and 1− ǫ, such an estimation would be highly inaccurate, resulting in high
size distortions.9

Thus, we define:

v̂uλ =
1

λ(1− λ)

bT−1∑

j=−bT+1

k

(
j

bT

)
γ̂j, γ̂j =

{
1

T−1

∑T
t=j+1(yt − y)(yt−j − y), j ≥ 0

γ̂−j j < 0
,

where y = T−1
∑T

t=1 yt, k(x) = (1 − |x|) 1[|x| ≤ 1] is throughout the paper the Bartlett
kernel, with the optimal data-dependent bandwidth in Newey and West (1994).10 Specif-

ically, we let bT = min[T, η̂ T
1
3 ], where η̂ = 1.1447(f̂ (1)/f̂ (0))

2
3 , and f̂ (1) = 2

∑τ
j=1 jγ̂j ,

f̂ (0) = γ̂0 + 2
∑τ

j=1 γ̂j, with τ = [(T/100)2/9]. The lag truncation parameter τ governs

how many auto-covariances should be used in forming the nonparametric estimates f̂ (1)

and f̂ (0), which estimate the spectral density at frequency one and zero.11 Therefore,
f̂ (1), f̂ (0), and η̂ are computed over the full sample.

The UA and UV tests are denoted by UA∗
T and UV ∗

T . They are computed as UM ∗
T ,

but with yt replaced by ât = |yt − y| for UA, v̂t = (yt − y)2 for UV, and v̂uλ replaced by
the HAC consistent estimator of the asymptotic variance of ât or v̂t.

Define the distribution:

Gp = sup
λ∈[ǫ,1−ǫ]

[Bp(λ)− λBp(1)]
′[Bp(λ)− λBp(1)]

λ(1− λ)
,

where Bp(·) is a p× 1 vector of independent standard Brownian motions, for some p ≥ 1.
As Theorem 1 shows, G1 is the null asymptotic distributions of the UM, UA and UV
break tests. Although the distribution of various break point tests under different (more
restrictive) assumptions is available, an explicit proof for the UM, UV and UA tests
under A1 is not available in a unified setting to our knowledge, and we provide it in the
Appendix.

Theorem 1.

Let the model be as in (4.1), and let A1 hold. Then: (i) under HUM
0 , UM ∗

T ⇒ G1;
(ii) under HUM

0 and HUA
0 , UA∗

T ⇒ G1; (iii) under HUM
0 and HUV

0 , UV ∗
T ⇒ G1.

12

Note that the distributions are non-standard, but critical values are available in e.g.
Andrews (1993) and Bai and Perron (1998).

Theorem 1 assumes no UV breaks for UM tests, via imposing A1(i), and no UM
breaks for UV/UA tests, via imposing HUM

0 . If there is a UM break (HUM
A holds instead

of HUM
0 ), as shown in Pitarakis (2004), we can obtain v̂t and ât via subsample demeaning,

9Simulation evidence for this statement is available from the authors upon request.
10Additional simulations not reported here show that the fixed optimal bandwidth proposed in Andrews

(1991) leads to worse performance of the UM break test.
11The weights mentioned in Newey and West (1994) are set equal to one as usual for scalar cases.
12Here, ”⇒” indicates weak convergence in the Skorohod metric.
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and Theorem 1(ii)-(iii) will hold. That is, we let v̂t = (yt − yt)
2, ât = |yt − yt|, and

yt = T̂−1
UM

∑T̂UM

t=1 yt1[t ≤ T̂UM ] + (T − T̂UM)−1
∑T

t=T̂UM+1 yt1[t > T̂UM ], where T̂UM is the
Bai and Perron (1998) OLS break-point estimator of TUM in (4.1). If there is a UV
break, the asymptotic distribution of the UM test is affected, but one can employ the
fixed-regressor bootstrap in Hansen (2000) to correct for this. The correction for the UV
tests via sub-sample demeaning is necessary and employed in our empirical analysis in
Section 4.5.

4.3 Conditional mean and variance break tests

4.3.1 Correct specification

Unlike unconditional break tests, regression-based break tests are pervasive in empirical
work, despite their sensitivity to misspecification (this sensitivity is discussed in Section
4.3.2). The most common regression specification is of the linear form:

yt = x′
tθ11[t ≤ TCM ] + x′

tθ21[t > TCM ] + ǫt, (4.3)

where TCM = [TλCM ], 0 < λCM < 1, xt is a p × 1 vector of regressors that includes an
intercept and possibly lagged dependent variables, and ǫt are scalar errors.

We denote by CM, CA and CV the conditional mean, conditional absolute deviation
and the conditional variance, where the word ”conditional” simply refers to specifying
the conditional mean in (4.3). To derive the asymptotic distribution of the CM, CA and
CV break tests, we need additional assumptions on the joint dependence of regressors
and errors.

Assumption 2.

(i) E(xtǫt) = 0, AVar(T−1/2
∑[Tλ]

t=1 xtǫt) = λV and T−1
∑[Tλ]

t=1 xtx
′
t

p→ λQ, two positive
definite (pd) matrices of constants;

(ii) for some d > 4, supt ‖xtǫt‖d < ∞ and {xtǫt} is L2-near epoch dependent of size
cm = O(m−1) on {ht}, and {ht} is either φ-mixing of size m−d/(2(d−1)) or α-mixing
of size m−d/(d−2).

The null and alternative hypotheses of the conditional tests are:

HCM
0 : θ1 = θ2 vs. HCM

A : θ1 6= θ2,

HCA
0 : aǫt = aǫ vs. HCA

A : aǫt = aǫ1 1[t ≤ TCA] + aǫ2 1[t > TCA], aǫ1 6= aǫ2,

HCV
0 : vǫt = vǫ vs. HCV

A : vǫt = vǫ1 1[t ≤ TCV ] + vǫ2 1[t > TCV ], vǫ1 6= vǫ2,

where aǫt = E|ǫt|, vǫt = Var(ǫt), TCA = [TλCA], TCV = [TλCV ], 0 < λCA, λCV < 1.
The corresponding sup Wald test for a CM break is defined in e.g. Andrews (1993):

CM∗
T = sup

λ∈[ǫ,1−ǫ]

CMT (λ), CMT (λ) = T (θ̂1λ − θ̂2λ)
′V̂−1

λ (θ̂1λ − θ̂2λ),

where θ̂1λ, θ̂2λ are the OLS estimators of θ in (4.3) in subsamples {1, . . . , T1λ} and {T1λ+

1, . . . , T}, and V̂λ is a consistent estimator of AVar(T 1/2(θ̂1λ − θ̂2λ)) under H
CM
0 .
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For the conditional test, the asymptotic variance AVar(T 1/2(θ̂1λ − θ̂2λ)) is routinely

estimated over subsamples - i.e. separately for T 1/2(θ̂1λ − θ0) and T 1/2(θ̂2λ − θ0), or
under the alternative. If a HAC estimator under the alternative would be used, the same
problems would arise as for the unconditional test: there would be size distortions due to
inaccurate bandwidth estimation for λ close to the beginning or the end of the sample.
However, in most studies, the conditional mean specification in (4.3) is assumed to be
correct, in which case all lags of the dependent variable are included as regressors, and
correcting for autocorrelation is no longer necessary. If this is the case, the variance can
be estimated under the alternative without further size distortions. Thus, as in most
empirical studies, we use variance estimators that are not autocorrelation-robust in all
the simulations except those where the model is static. In a static model, the researcher
might suspect that the errors are autocorrelated, and a HAC estimator is justified.

For the theory section, we consider two potential estimators forAVar(T 1/2(θ̂1λ−θ̂2λ)),
under homoskedasticity or heteroskedasticity. The one under homoskedasticity is:

V̂λ = V̂1λ + V̂2λ, V̂iλ = v̂ǫ,iλ (T
−1

∑
iλ xtx

′
t)

−1
, v̂ǫ,iλ = T−1

iλ

∑
iλ ǫ̂

2
t , (i = 1, 2),

ǫ̂t = yt − x′
tθ̂1λ1{t ≤ T1λ} − x′

tθ̂2λ1{t > T1λ}. (4.4)

Under heteroskedasticity,

V̂λ = V̂1λ + V̂2λ, V̂iλ = (T−1
∑

iλ xtx
′
t)

−1
(T−1

∑
iλ ǫ̂

2
txtx

′
t) (T

−1
∑

iλ xtx
′
t)

−1
, (i = 1, 2).

(4.5)

We define the CA and CV tests as the UA and the UV tests, but with ât, v̂t replaced
by âǫt = |ǫ̂t|, v̂ǫt = ǫ̂2t , and with ǫ̂t = yt−x′

tθ̂ the residuals from estimating (4.3) under the
null HCM

0 . We emphasize that the name ”conditional” refers exclusively to pre-specifying
the conditional mean in (4.3), and not the conditional variance of yt or ǫt. Therefore, the
tests in this paper should not be confused with the conditional variance tests proposed in
e.g. Andreou and Ghysels (2002), who write down a model for the conditional variance
of ǫt.

Theorem 2 states the asymptotic distribution of the CM, CA and CV break tests.

Theorem 2.

Let the model be as in (4.3), and let A2 hold. Then: (i) under HCM
0 , CM ∗

T ⇒ Gp;
(ii) under HCM

0 and HCA
0 , CA∗

T ⇒ G1; (iii) under HCM
0 and HCV

0 , CV ∗
T ⇒ G1.

Note that the distributions are similar to the unconditional break tests, but there are
more degrees of freedom used up by the conditional break tests.

As for the UA and UV tests, the asymptotic distributions of the CA and CV tests
are not valid if there is a CM break; in that case, as Pitarakis (2004) shows, the CM

break at TCM can be pre-estimated by T̂CM along with the slope parameters θ̂1, θ̂2 before
and after the break, via the methods in Bai and Perron (1998). Then we can redefine

ǫ̂t = yt − x′
tθ̂11[t ≤ T̂CM ] − x′

tθ̂21[t > T̂CM ] in the computation of âǫt, v̂ǫt, obtaining the
same asymptotic distributions as stated in Theorem 2. Under the alternative HCV

A , the
asymptotic null distribution of the CM test is not valid, but as for the unconditional
break tests, it can be bootstrapped via the fixed regressor bootstrap in Hansen (2000).



90 Structural break tests robust to regression misspecification

4.3.2 Dynamic Misspecification

Unlike the unconditional break tests, all the conditional break tests are highly dependent
on the correct specification of the functional form, including seasonality and dynamics.
Bataa et al. (2013) and Altansukh et al. (2012) empirically show the effects of misspec-
ifying the conditional mean seasonalities, outliers, dynamics and heteroskedasticity on
the conditional break tests. Chong (2003) and Bai et al. (2008) theoretically show that
misspecification of the functional form leads to different null asymptotic distributions for
the CM break tests. They focus on iid errors and static misspecifications, although some
of their theoretical results apply to dynamic misspecification as well. The impact of dy-
namic misspecification of (4.3) on conditional break tests has been analyzed by Vogelsang
and Perron (1998), Vogelsang (1999), Perron and Yabu (2009), inter alia. But all these
studies correct for omitted autocorrelation in the errors by either better selection of lags
in the regression equation, or directly correcting the error variance via HAC estimators.
The first correction is successful if the method used indeed selects the number of lags
correctly. The second correction is not always valid if the regression model is already dy-
namic, as omitted autocorrelation in the errors often violates the exogeneity assumption
A2(i), so a HAC variance estimator does not fix the dynamic misspecification problems.

To our knowledge, the effect of misspecifying the regressors or number of lags on
CM break tests has not been studied before under general dependence and conditionally
heteroskedastic data as allowed for in A3.13 We prove below that the asymptotic distri-
bution of the CM break test is data-dependent and different than that stated in Theorem
2. Therefore, in the presence of dynamic misspecification, the critical values of the CM
tests will be incorrect14, while the critical values for the UM break test are correct. So
the UM break test provides a valuable tool for assessing stability of the process yt in the
presence of dynamic misspecification.

To formalize the results under dynamic misspecification, let xt = vec(xt(1), xt(2)) and
θ = vec(θ(1), θ(2)), where xt(1), θ(1) are p1 × 1, xt(2), θ(2) is p2 × 1, and p1 + p2 = p.15

The true model is (4.3), but we mistakenly regress yt only on xt(1) (which we assume
includes the intercept). Thus, we underspecify the number of regressors; in particular,
we are interested in the effects of underspecifying the number of lags.16 Partition Q =[
Q(1) Q(12)

Q′
(12) Q(2)

]
, with Q(1), Q(2) of dimensions p1 × p1 and p2 × p2, respectively.

Assumption 3. Let kt = xt(1)ǫt, Lt = xt(1)x
′
t(2) − Q(12), Mt = xt(1)x

′
t(1) − Q(1), and

wt = vech(kt, Lt,Mt), where vech(A,B) selects, in order, the unique elements and the
first occurrence of the repeating elements in vec(A,B).

(i) E(wt) = 0, AVar(T−1/2
∑[Tλ]

t=1 wt) = λH, a pd matrix of constants;

13The result in Theorem 3 has to our knowledge only been derived by Chong (2003) for iid, conditionally
homoskedastic data.

14The simulation section shows that the CM tests are severely oversized with dynamic misspecification.
15We extend the vec(A,B) notation to denote stacking in a vector all columns of A, then all columns

of B, one by one, in order, even when A,B do not have the same number of rows, and we let vec′(A,B) =
[vec(A,B)]′.

16Overspecifying the number of lags or regressors is not a problem, as the coefficients on the additional
regressors or lags will converge to zero.
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(ii) for some d > 4, supt ‖wt‖d < ∞ and {wt} is L2-near epoch dependent of size
dm = O(m−1) on either an φ-mixing process of size m−d/(2(d−1)) or an α-mixing
process of size m−d/(d−2).

(iii) Q(12) 6= Op1×p2, where Op1×p2 is the p1 × p2 null matrix;

(iv) T−1
∑

1λ wtw
′
t

p→ λΩ, a pd matrix of constants.

A3(iii) states that the omitted regressors are correlated with the included regressors,
as is the case when the number of lags is underspecified. The rest of the statements
in A3 are standard. Let r = p1(1 + p2 + (p1 + 1)/2), the dimension of wt. Then,
under A3, the functional central limit theorem in Wooldridge and White (1988) (Theo-
rem 2.11) can be applied to yield T−1/2

∑
1λ wt ⇒ H1/2Br(λ). To state the asymptotic

distribution of the CM break test under misspecification, let Br(λ) = Br(λ) − λBr(1),
s = p1(1 + p1 + p2), and B∗

s(λ) = B∗
s (λ) − λB∗

s (1), where B∗
s (λ) is constructed from

Br(λ) by repeating its elements exactly in the positions where w∗
t = vec(kt, Lt,Mt) re-

peats the elements of wt = vech(kt, Lt,Mt). Similarly, let H∗1/2 and Ω∗ be positive
semidefinite matrices constructed from H1/2 and Ω - which were defined in A3 - so that
AVar(T−1/2

∑[Tλ]
t=1 w∗

t ) = λH∗1/2H∗1/2′

, and T−1
∑

1λ w
∗
tw

∗′
t

p→ λΩ∗. With this notation,
the asymptotic distribution of the CM test is stated in Theorem 3.

Theorem 3. Let A2-A3 and HCM
0 hold, δ = Q−1

(1)Q(12)θ(2), ξ = vec(1, θ(2),−δ) and

A = H∗1/2′

[ξ ⊗Q−1
(1)]

{
[ξ′ ⊗Q−1

(1)]Ω
∗[ξ ⊗Q−1

(1)]
}−1

[ξ′ ⊗Q−1
(1)]H

∗1/2.

(i) If CM∗
T is constructed under heteroskedasticity,

CM∗
T ⇒ sup

λ

B∗′
s (λ) A B∗

s(λ)

λ(1− λ)
.

(ii) Let ν = σ2
ǫ + θ′(2)[Q(2)−Q′

(12)Q
−1
(1)Q(12)]θ(2). If CM∗

T is constructed under homoskedas-

ticity, then the result in (i) holds, with A = ν−1H∗1/2′

[(ξξ′)⊗Q−1
(1)]H

∗1/2.

Comment 1. The theorem above shows that the asymptotic distribution of the CM
test is nonstandard and highly dependent on the data parameters and the unknown
number of lags omitted. Our theorem is a generalization of Theorem 3 in Chong (2003)
who prove the same result, but under iid and conditionally homoskedastic errors, with
CM∗

T constructed only under homoskedasticity.
Comment 2. As we expect, in the presence of no misspecification (θ(2) = 0), we

can show that Theorem 3 reduces to Theorem 2. To see this, note that when θ(2) = 0,

ξ′ = (1, 0, 0). Therefore, [Q−1
(1) ⊗ ξ′]H∗1/2B∗

s(λ) = Q−1
(1)Ω

∗1/2
kk Bp1(λ), where Ω∗

kk was defined

in the Appendix as Ω∗
kk ≡ AVar(T−1/2

∑T
t=1 xt(1)ǫt), and Bp1(λ) are the first p1 elements

of Bs(λ). Moreover, note that Ω∗
kk = AVar(T−1/2

∑T
t=1 xtǫt) because in the true model,

p1 = p, so xt = xt(1). Finally, note that
{
[ξ′ ⊗Q−1

(1)]Ω
∗[ξ ⊗Q−1

(1)]
}−1

=
{
Q−1

(1)Ω
∗
kkQ

−1
(1)

}−1

=

Q(1)Ω
∗−1
kk Q(1). Therefore, Theorem 3 (i) reduces to

CM∗
T ⇒ sup

λ

B′
p1
(λ)Ω

∗1/2′
kk Q−1

(1)Q(1)Ω
∗−1
kk Q(1)Q

−1
(1)Ω

∗1/2
kk Bp1(λ)

λ(1− λ)
= sup

λ

B′
p1(λ)Bp1(λ)

λ(1− λ)
= Gp(λ),
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exactly the distribution in Theorem 2. By similar arguments, Theorem 3(ii) also reduces
to Theorem 2, as it should under conditional homoskedastic errors.

Comment 3. The distributions in Theorem 3 are also the same as in Theorem 2
when the model is static, except that they have fewer degrees of freedom (p1 instead
of p). The reason for this is that the functional form of the model is still linear when
misspecified, so it will be correctly specified for a modified version of the initial model.17

To see the intuition for this result, note that under the null hypothesis, the true model
is yt = x′

t(1)θ(1) + x′
t(2)θ(2) + ǫt. The parameters will be consistently estimated by OLS

if we regress yt on xt = (x′
t(1), x

′
t(2))

′. However, the initial model can be rewritten as

yt = x′
t(1)θ

∗
(1) + ut, where θ∗(1) = θ(1) + Q−1

(1)Q(12)θ2 = θ(1) + δ and ut = x′
t(1)[θ(1) − θ∗(1)] +

x′
t(2)θ(2)+ǫt = ǫt+x′

t(2)θ(2)−x′
t(1)δ. This new model satisfies E(xt(1)ut) = 0 by construction

and therefore it is also correctly specified in the sense that it will consistently estimate the
new parameter θ∗(1) when regressing yt on xt(1) via OLS. This would suggest that the test
statistic CM∗

T for breaks should have a similar distribution as for the correct specification
but using only p1 degrees of freedom pertaining to xt(1). However, this intuition is only
true for static models (by static models, we mean models where the long-run variance
H∗ = AVar(T−1/2

∑T
t=1wt) is equal to the short-run variance Ω∗ = T−1

∑T
t=1 wtw

′
t.

In such models, A = H∗1/2′

[ξ ⊗ Q−1
(1)]

{
[ξ′ ⊗Q−1

(1)]H
∗[ξ ⊗Q−1

(1)]
}−1

[ξ′ ⊗ Q−1
(1)]H

∗1/2 and

it is therefore a projection matrix of rank p1, acting as a matrix that selects only the
first p1 elements of B∗′

s (λ).
18 It follows that B∗′

s (λ) A B∗
s(λ) = B′

p1
(λ)Bp1(λ), therefore

CM∗
T ⇒ Gp1(λ), the same distribution as in Theorem 2, but with p1 degrees of freedom

instead of p.
Comment 4. If the model is dynamic in the sense that the long-run and short-

run variances differ (H∗ 6= Ω∗), then the distribution in Theorem 3 does not simplify,
as the intuition outlined in Comment 3 no longer holds. For example, if xt(1)ǫt are
autocorrelated, then xt(1)ut are autocorrelated, but the CM∗

T test does not correct for
autocorrelation, yielding a more complicated distribution. Even if a HAC correction
would be employed, there is still the problem of dynamic misspecification: lags of xt(1)ǫt
might be correlated with lags of xt(1)xt(2), yielding H∗ 6= Ω∗ and therefore the more
complicated distribution in Theorem 3.

Comment 5. Theorem 3 shows that in the general case of dynamic misspecification
(with Q(12) 6= 0), the usual critical values from Theorem 2 no longer apply. Allowing
for conditional heteroskedasticity, our Theorem 3 demonstrates that the size distortions
of the CM test are dependent on several parameters of the data generating process, and
that correcting for heteroskedasticity does not help in overcoming this problem.

4.4 Simulation results

The objective of the simulation analysis is to compare the size and power of unconditional
moments, UM/UV, break tests to their conditional moments, CM/CV, counterparts, un-
der correct regression model specification, and under static and dynamic misspecifica-
tion. We evaluate the size and power of the tests for alternative model specifications,

17This was also mentioned in Chong (2003), in the comments after their Theorem 3.
18A formal proof of this statement can be found in Hall, Han and Boldea (2012), Supplemental Ap-

pendix, page 23.
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sample sizes, as well as structural break sources and sizes.19 We consider sample sizes
T = 100, 200, 500, 1000 with a break in the middle of the sample, T0 = [0.5T ] and four
data generating processes (DGPs). We also considered alternative break points and our
results are robust to T0 = [0.25T ] and T0 = [0.75T ]. For all simulations, we use the
critical values reported in Andrews (2003). For DGPs with static errors, we calculate
CM∗

T with V̂λ as described in (4.4). For DGPs with AR(1) errors, the CM∗
T test employs

the Newey-West HAC estimator for V̂λ.
The results are organized as follows: the sizes of all tests are reported in Tables and the

size-adjusted powers in Figures. Tables 4.1, 4.3 and Figures 4.1-4.3,4.7 are for correctly
specified models, and Tables 4.2, 4.4 and Figures 4.4-4.6,4.8-4.99 are for misspecified
models. Tables 4.1-4.2 and Figures 4.1-4.6 refer to mean tests, and Tables 4.3-4.4 and
Figures 4.7-4.9 refer to variance tests.

We consider four DGPs, some of which we analyze under both correct specification
and misspecification. The first DGP is a simple AR(1) model with iid errors:

DGP1 : yt = αt + βtyt−1 + ǫt, ǫt ∼ iid N (0, 1), (t = 1, . . . , T ).

All simulations are performed in Matlab for 10000 replications and for the AR models we
use zero as the starting value and 100 burn-in observations. Under the null, αt = α = 1,
and the persistence ranges from βt = β ∈ [0.1, 0.7]. Under the alternative, there is one
break either in the intercept, with αt = 1 1t≤T0 + δα 1t>T0 , and δα ∈ (0, 2], or in the slope,
with βt = 0.1 1t≤T0 + δβ 1t>T0 , and δβ ∈ (0, 0.6].

For DGP1, we estimate only the correctly specified dynamic model. The size of the
CM and UM break tests (under the null) are reported in the top panel of Table 4.1.
Using the 5% critical values we find that the UM test exhibits slightly better size for
small sample sizes of T = 100 relative to the CM test which yields size around 10%. For
large sample sizes of T > 500, both tests approach the nominal level, as expected. Under
the alternative, we plot the size-adjusted power functions in Figure 4.1. When the break
occurs in the slope parameter, the UM and CM tests have similar power as the sample
size grows. The CM test performs only mildly better for moderate changes in the AR
slope parameter (with maximum relative gains in power of 10% for T = 100). On the
other hand, when the break is in the intercept, the UM test has better power in small
sample sizes (of T = 100, 200), with up to 20% gains vis-a-vis the CM test.20

The second DGP is an AR(4) model with iid errors:

DGP2 : yt = αt + β ′
tvec(yt−1, . . . , yt−4) + ǫt, ǫt ∼ iid N (0, 1), (t = 1, . . . , T ).

We set β ′
t = (βt,1, 0.2, 0.15, 0.075) to represent the memory decaying pattern encountered

in many time series in economics. Under the null, we set αt = α = 1 and vary βt,1 =

19The unconditional mean and variance sup Wald tests require a long-run variance estimator. We
report the Newey and West (1994) HAC estimator with the data dependent bandwidth therein and the
Bartlett kernel, as explained in detail in Section 2. The Andrews (1991) fixed bandwidth HAC estimator
leads to slightly worse performance across all tests and designs; results are available upon request from
the authors.

20Note that for DGP1, the UM of yt is equal to αt/(1−βt). If αt/(1−βt) is close to zero regardless of
t, the UM test will, by design, have little power for a break in the slope βt. Therefore, if a slope break
is the only break of interest, it should be tested directly via the CM test for partial structural change in
slopes.
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β ∈ [0.1, 0.3]. Under the alternative, there is one break either in the intercept, given by
αt = 1 1t≤T0+δα 1t>T0 , and δα ∈ (0, 2], or in the slope, given by βt,1 = 0.1 1t≤T0+δβ 1t>T0 ,
and δβ ∈ (0, 0.2].

For DGP2, we only analyze the impact of dynamic misspecification: the true DGP
is an AR(4) model, but we estimate an AR(1) or an AR(2) model instead. The top
two panels of Table 4.2 show that underestimating the number of lags causes severe size
distortions of the CM test, of up to 60% even for small levels of forgone persistence. This
effect does not die out even for large sample sizes of T = 1000. In contrast, the UM
test is not so severely oversized especially for large samples; the size distortions reach
a maximum of 13% for large samples of T = 1000. The reason UM behaves better
in terms of size under dynamic misspecification is due to the HAC correction. What
is interesting though from our simulation results is that although the HAC estimator
may be less reliable in small samples, under misspecification the size of the UM test
is relatively better than that of the CM test for small samples. Under the alternative,
the size-adjusted power curves of the UM and CM test with dynamic misspecification
are reported in Figure 4.4. They show that underestimating the AR dynamics does not
affect the size-adjusted power of either the CM or UM tests for any sample size or break
magnitude.

The third DGP is a static model with iid errors:

DGP3 : yt = αt + βtXt + ǫt, ǫt ∼ iid N (0, 1), Xt ∼ iid N (1, 1), Xt ⊥ ǫs, (t, s = 1, . . . T ).

Under the null, we set αt = α = 1 and vary βt = β ∈ [0.1, 0.9]. Under the alternative,
there is one break either in the intercept, where αt = 1 1t≤T0 + δα 1t>T0 , and δα ∈ (0, 2],
or in the slope, where βt,1 = 0.1 1t≤T0 + δβ 1t>T0 , and δβ ∈ (0, 0.9].

For DGP3, we analyze both correctly specified and misspecified models. As expected,
if we estimate the correctly specified static model in DGP3, the size of both the CM and
UM break tests is close to the nominal size, as shown by the second panel in Table 4.1.
The corresponding size-adjusted power curves in Figure 4.2 are again similar for the two
tests, especially as T increases.

However, if instead we estimate an AR(1) model, the results in the third panel of
Table 4.2 show that the UM test is undersized for small sample sizes and that its size
improves for T > 500. In contrast, the CM test is oversized for small samples. As for
the power, the two tests have similar power for large samples, as shown in Figure 4.5.
For smaller samples, misspecifying the regressors compromises the power of the CM test
which can be up to around 20% smaller than that of the UM test when T = 100.

The fourth DGP is a static model with AR(1) errors:

DGP4 : yt = αt + βtXt + ǫt, ǫt = 0.6ǫt−1 + νt, νt ∼ iid N (0, 1), (t = 1, . . . , T ).

For comparison purposes, in DGP4 the Xt and the null and alternatives are generated
following DGP3. For DGP4, we analyze both correctly specified and misspecified models.
Under correct specification, the last panel of Table 4.1 shows that the UM test is correctly
sized for all sample sizes, whereas the CM test is oversized even for large sample sizes.
The size of the CM tests can reach up to 10% even when T = 1000 (and the nominal size
is 5%).

Furthermore, we consider a nonlinear misspecification by estimating the model with
X2

t instead ofXt, similar to Chong (2003). The nonlinear misspecification yields oversized
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CM tests across all sample sizes. The last panel of Table 4.2 shows that, even for T =
1000, the traditional CM test yields size of around 13%. In addition, the size-adjusted
power of the CM test is lower than that of the UM test. Figure 4.6, show that the UM test
has relatively better power especially for small sample sizes of T < 200. When T = 100
the UM test has an increasing power function which is almost 70% higher than that of
the CM test. For large samples of T = 1000, the size-adjusted power curves of the two
tests are very similar.

We now turn to examine the size and power of tests for breaks in the variance of the
residuals of the regression models by comparing the UV and CV tests.21 We consider the
same DGPs as before, but we set αt = 1, βt = 0.5. For DGP 1-3, we let ǫt ∼ iid N (0, σt),
and for DGP4, we let νt ∼ iidN (0, σt). Under the null hypotheses, we fix σt = σ ∈ [1, 2.6].
Under the alternative, we set σt = 1 1[t ≤ T0] + δσ1[t > T0], and let δσ ∈ (0, 1.6]. As
before, we estimate both correctly specified and misspecified models.

When the estimated model is correctly specified, as considered in DGP1 and DGP4,
the size of both CV and UV tests are close to the nominal size for T > 200, as shown in
Table 4.3. However, the powers of these two tests differ. Figure 4.7 shows that for DGP1,
the CV test has better power for small sample sizes across all break sizes, including small
breaks, as T increases. For DGP4, Figure 4.7 shows that the power curves of the CV
tests and UV tests are the same.

If instead, a misspecified model is estimated for DGP1-DGP4, the CV test appears to
enjoy good size properties, shown in Table 4.4. The exception is the oversizing reported
in the top panel of Table 4.4, which is due to underestimating the lag order; in this case
the size does not improve as the sample increases. Our analysis shows that misspecifying
the dynamics of the conditional mean of the regression model yields an oversized CV test.
For the power, the results are less clear-cut: the power of the CV test seems larger than
that of the UV test in the presence of dynamic misspecification (Figure 4.8), but smaller
under nonlinear misspecification (Figure 4.9). Nevertheless, this difference disappears in
large samples.

Summarizing, the simulation results show that under correct model specification, the
UM/UV and CM/CV have similar size and power. In contrast, under static nonlinear and
dynamic misspecifications, the CM/CV tests are severely oversized, having both finite
and large sample distortions. While the UM/UV tests may also occasionally exhibit mild
size distortions, they feature similar power properties as the CM/CV tests, especially in
larger samples. Therefore, the UM/UV tests can be a valuable tool for detecting breaks,
because in applied work misspecification is likely to occur and bias the CM/CV break
test results.22

21The results are very similar for the UA and CA tests and they are available upon request.
22Other types of model misspecifications may also affect the size and power of the (CM and CV)

structural break tests. Analyzing them is beyond the scope of this paper, but further results regarding
these misspecifications can be found in Chong (2003), Pitarakis (2004), among others.
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Table 4.1: Size of the UM/CM tests in correctly specified models

DGP Trim Model UM∗

T CM∗

T

DGP1 - AR(1)
model, iid errors

15%
α β T=100 200 500 1000 100 200 500 1000

1
0.1 0.034 0.040 0.047 0.052 0.067 0.056 0.050 0.050
0.2 0.039 0.047 0.054 0.056 0.078 0.060 0.050 0.051
0.3 0.040 0.048 0.053 0.057 0.082 0.063 0.056 0.052
0.4 0.044 0.055 0.056 0.056 0.091 0.064 0.058 0.048
0.5 0.052 0.052 0.062 0.060 0.107 0.068 0.063 0.050
0.6 0.061 0.058 0.070 0.065 0.120 0.079 0.055 0.058
0.7 0.082 0.072 0.075 0.069 0.141 0.092 0.062 0.058

DGP3 - static
model, iid errors

15% 1
0.1 0.067 0.052 0.060 0.050 0.075 0.063 0.059 0.041
0.2 0.073 0.053 0.049 0.043 0.086 0.052 0.054 0.047
0.3 0.067 0.056 0.054 0.052 0.083 0.062 0.049 0.049
0.4 0.084 0.055 0.049 0.052 0.091 0.058 0.042 0.052
0.5 0.061 0.053 0.058 0.051 0.070 0.056 0.061 0.051
0.6 0.058 0.058 0.046 0.054 0.080 0.056 0.044 0.052
0.7 0.073 0.056 0.056 0.055 0.081 0.059 0.054 0.048
0.8 0.063 0.060 0.047 0.048 0.079 0.059 0.051 0.048
0.9 0.069 0.062 0.055 0.050 0.092 0.065 0.050 0.052

DGP 4 - static
model, AR(1)
errors

15% 1
0.1 0.063 0.055 0.067 0.064 0.115 0.107 0.090 0.098
0.3 0.065 0.061 0.066 0.062 0.113 0.111 0.090 0.100
0.5 0.063 0.060 0.063 0.059 0.122 0.109 0.091 0.106
0.7 0.060 0.061 0.070 0.060 0.111 0.113 0.104 0.109
0.9 0.064 0.061 0.065 0.065 0.109 0.106 0.086 0.099
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Table 4.2: Size of the UM/CM tests in misspecified models

DGP Estimated
Model

Trim Model UM∗

T CM∗

T

DGP2 -
AR(4), iid errors

AR(1) 15%
α β T=100 200 500 1000 100 200 500 1000
1 0.1 0.157 0.114 0.114 0.088 0.427 0.463 0.486 0.508

0.2 0.191 0.131 0.132 0.102 0.493 0.509 0.531 0.560
0.3 0.231 0.171 0.174 0.130 0.554 0.579 0.606 0.616

DGP2 -
AR(4), iid errors

AR(2) 15% 1 0.1 0.157 0.113 0.114 0.088 0.419 0.371 0.336 0.332
0.2 0.190 0.131 0.131 0.103 0.455 0.378 0.344 0.336
0.3 0.230 0.170 0.173 0.129 0.496 0.421 0.374 0.358

DGP3 - static
model, iid
errors

AR(1) 15% 1 0.1 0.023 0.031 0.044 0.047 0.067 0.054 0.053 0.046
0.2 0.025 0.032 0.042 0.044 0.067 0.054 0.047 0.049
0.3 0.030 0.036 0.043 0.046 0.070 0.056 0.048 0.056
0.4 0.027 0.033 0.041 0.046 0.070 0.053 0.048 0.052
0.5 0.024 0.036 0.044 0.046 0.065 0.055 0.051 0.051
0.6 0.028 0.032 0.044 0.045 0.074 0.053 0.049 0.051
0.7 0.027 0.033 0.041 0.046 0.067 0.055 0.049 0.048
0.8 0.028 0.031 0.043 0.049 0.073 0.054 0.050 0.051
0.9 0.022 0.032 0.046 0.045 0.065 0.053 0.053 0.052

DGP4 - static
model, AR(1)
errors

X2
t instead of

Xt

15% 1 0.1 0.058 0.060 0.064 0.062 0.207 0.165 0.111 0.121
0.3 0.064 0.061 0.064 0.062 0.204 0.158 0.120 0.125
0.5 0.063 0.062 0.063 0.062 0.211 0.162 0.121 0.131
0.7 0.062 0.060 0.069 0.061 0.209 0.160 0.127 0.128
0.9 0.065 0.061 0.068 0.064 0.216 0.173 0.137 0.143

Table 4.3: Size of the UV/CV break tests in correctly specified models

DGP Trim Model UV ∗

T CV ∗

T

DGP1 - AR(1)
model, iid errors

15%
α σ T=100 200 500 1000 100 200 500 1000
1 1 0.042 0.052 0.051 0.059 0.0753 0.0570 0.050 0.048

1.2 0.042 0.047 0.051 0.050 0.0730 0.0533 0.050 0.048
1.4 0.039 0.046 0.050 0.056 0.0754 0.0584 0.050 0.052
1.6 0.040 0.043 0.052 0.054 0.0745 0.0517 0.053 0.047
1.8 0.040 0.045 0.052 0.055 0.0735 0.0543 0.053 0.051
2.0 0.040 0.047 0.052 0.054 0.0775 0.0572 0.053 0.052
2.2 0.041 0.044 0.054 0.057 0.0768 0.0592 0.050 0.051
2.4 0.043 0.049 0.054 0.055 0.0774 0.0595 0.051 0.048
2.6 0.043 0.047 0.052 0.052 0.0738 0.0581 0.049 0.048

DGP4 - static
model, AR(1)
errors

15% 1 1 0.041 0.051 0.052 0.057 0.076 0.067 0.059 0.060
1.2 0.041 0.049 0.053 0.055 0.075 0.067 0.060 0.058
1.4 0.042 0.048 0.053 0.058 0.076 0.066 0.060 0.060
1.6 0.039 0.047 0.056 0.054 0.071 0.064 0.063 0.056
1.8 0.041 0.048 0.056 0.053 0.077 0.066 0.063 0.057
2.0 0.043 0.048 0.055 0.057 0.076 0.062 0.063 0.061
2.2 0.039 0.049 0.058 0.052 0.073 0.064 0.063 0.056
2.4 0.042 0.053 0.056 0.054 0.075 0.072 0.061 0.057
2.6 0.045 0.048 0.053 0.057 0.072 0.061 0.058 0.060
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Table 4.4: Size of the CV/UV tests in misspecified models

DGP Estimated
Model

Trim Model UV ∗

T CV ∗

T

DGP2-
AR(4) model,
iid errors

AR(1) 15%
α σ T=100 200 500 1000 100 200 500 1000
1 1 0.057 0.064 0.075 0.063 0.110 0.107 0.124 0.121

1.2 0.061 0.063 0.072 0.065 0.112 0.102 0.118 0.129
1.4 0.059 0.068 0.072 0.065 0.116 0.112 0.119 0.129
1.6 0.062 0.061 0.072 0.063 0.116 0.100 0.118 0.125
1.8 0.055 0.056 0.073 0.067 0.113 0.104 0.120 0.125
2 0.057 0.064 0.068 0.062 0.119 0.106 0.115 0.123
2.2 0.060 0.063 0.077 0.064 0.118 0.099 0.119 0.122
2.4 0.057 0.063 0.075 0.067 0.108 0.108 0.121 0.125
2.6 0.062 0.065 0.074 0.065 0.111 0.113 0.116 0.125

DGP1-
AR(1) model,
iid errors

AR(4) 15% 1 1 0.042 0.052 0.051 0.058 0.075 0.054 0.047 0.047
1.2 0.042 0.046 0.050 0.051 0.075 0.052 0.048 0.046
1.4 0.040 0.046 0.050 0.054 0.070 0.054 0.049 0.050
1.6 0.040 0.043 0.052 0.055 0.079 0.052 0.049 0.046
1.8 0.040 0.046 0.051 0.055 0.076 0.051 0.049 0.050
2 0.040 0.046 0.052 0.053 0.075 0.056 0.050 0.050
2.2 0.040 0.045 0.053 0.057 0.073 0.051 0.047 0.049
2.4 0.043 0.049 0.054 0.056 0.074 0.053 0.048 0.046
2.6 0.043 0.048 0.053 0.052 0.076 0.055 0.047 0.046

DGP3-static
model, iid
errors

AR(1) 15% 1 1 0.030 0.033 0.041 0.047 0.077 0.057 0.051 0.051
1.2 0.030 0.032 0.040 0.048 0.076 0.058 0.048 0.053
1.4 0.029 0.032 0.043 0.047 0.075 0.055 0.055 0.051
1.6 0.028 0.032 0.041 0.044 0.072 0.054 0.049 0.050
1.8 0.028 0.033 0.039 0.049 0.071 0.054 0.047 0.053
2 0.029 0.037 0.040 0.048 0.074 0.061 0.049 0.054
2.2 0.029 0.033 0.040 0.043 0.080 0.057 0.049 0.045
2.4 0.026 0.036 0.039 0.044 0.069 0.058 0.048 0.049
2.6 0.029 0.032 0.045 0.045 0.074 0.055 0.056 0.050

DGP4-static
model,
AR(1) errors

X2
t instead

of Xt

15% 1 1 0.044 0.050 0.053 0.055 0.075 0.064 0.059 0.058
1.2 0.044 0.049 0.053 0.052 0.074 0.063 0.058 0.055
1.4 0.043 0.049 0.050 0.055 0.073 0.064 0.058 0.058
1.6 0.041 0.048 0.057 0.053 0.071 0.063 0.063 0.057
1.8 0.043 0.049 0.052 0.057 0.070 0.064 0.060 0.059
2 0.046 0.049 0.053 0.055 0.076 0.065 0.058 0.059
2.2 0.043 0.049 0.056 0.051 0.069 0.064 0.063 0.054
2.4 0.046 0.052 0.053 0.049 0.075 0.067 0.060 0.052
2.6 0.042 0.049 0.052 0.056 0.075 0.060 0.057 0.058
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Figure 4.1: DGP1 - Size-adjusted power for a correctly specified AR(1) model with iid errors
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Figure 4.2: DGP3 - Size-adjusted power for a correctly specified static model with iid errors
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*Here, Wald is the CM test, and Waldu the UM test.
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Figure 4.3: DGP4 - Size-adjusted power for a correctly specified static model with AR(1) errors
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Figure 4.4: DGP2 - Size-adjusted power for dynamic misspecification: estimating an AR(1)
model instead of an AR(4)
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*Here, Wald is the CM test, and Waldu the UM test.
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Figure 4.5: DGP3 - Size-adjusted power for dynamic misspecification: estimating an AR(1)
model instead of a static model with iid errors
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Figure 4.6: DGP4 - Size-adjusted power for nonlinear misspecification: regressing onX2
t instead

of Xt in a static model with AR(1) errors
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*Here, Wald is the CM test, and Waldu the UM test.
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Figure 4.7: DGP1 (left), DGP4 (right) - Size-adjusted power for a correctly specified model:
with an AR(1) lag and iid errors (left), or with static regressors and AR(1) errors (right)
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Figure 4.8: DGP2 (left), DGP1 (right): Size-adjusted power for dynamic misspecification: an
AR(4) model (iid errors) misspecified as an AR(1) (left) and vice versa (right)
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*Here, Wald is the CV test and WaldU the UV test.
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Figure 4.9: DGP3 (left), DGP4 (right): Size-adjusted power for misspecification: a static
model with iid errors misspecified as an AR(1) model (left), and nonlinear misspecifica-
tion: a static model with AR(1) errors where the regressors are X2

t instead of Xt (right)
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*Here, Wald is the CV test and WaldU the UV test.
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4.5 Empirical Illustrations

This section illustrates the implications of the UM/UV and CM/CV breaks tests for two
macroeconomic series. The first is the monthly US civilian unemployment rate and the
second the monthly short term real interest rates. These variables are also examined for
breaks in the conditional mean and volatility in Stock and Watson (2002b) and Sensier
and van Dijk (2004), among others, at quarterly frequency. We employ the analysis on
a monthly sample from 1960:1-2014:10 with T = 658, taken from the FRED database at
the Federal Reserve Bank of St. Louis. Given our focus on breaks tests for stationary pro-
cesses, we transform these series by taking their first differences, based on the evidence
from a number of unit root tests. Similar transformations are employed in Stock and
Watson (2002b), and from now on, when we refer to unemployment and interest rates,
we mean the first differences in unemployment rates and interest rates, unless stated oth-
erwise. We apply the breaks tests using both 5% and 10% trimming, to detect potential
breaks due to the recent economic crisis. For all the tables, we use the critical values in
Andrews (2003).

We acknowledge that time series models may be misspecified and report structural
breaks for several dynamic models. First, we employ AR(p) models. The UM and CM
tests for unemployment using AR(p) models with p=1,4,12 are reported in Table 4.5. The
UM test provides empirical evidence of no structural breaks in the US unemployment.
In contrast, the CM tests for the AR(1) model find a break in the conditional mean
in the late 1960s, associated with women joining the labor force. One may argue that
these two results can be reconciled if both the intercept and the slope of the dynamic
model have undergone a structural change, in a way that does not affect the long-run
structural unemployment rate.23 On the other hand, our simulations show that the CM
test is severely oversized when underestimating the lag order of a dynamic model, even
for large sample sizes of T = 500 and 1000. These results may imply that the 1960s break
detected by CM could be spurious, and do not represent a true break in the long-run
mean of unemployment (in first differences).

The evidence of no structural change in the unconditional mean is also consistent with
the findings of Stock and Watson (2002b), who estimate AR(4) models for the quarterly
difference in the US unemployment rate and find no break in the conditional mean, over
a shorter period from 1959-2001. Therefore, we also analyze the quarterly first difference
in the US civilian unemployment for an extended sample period (up to 2014) in Table
4.6. Both UM and CM tests indicate no mean break. Moreover, selecting the number of
breaks via Information Criteria (IC)24, for both the monthly and quarterly unemployment
(in Tables 4.5 and 4.6, respectively), we find additional empirical support of no shift in
both the conditional and unconditional mean. The monthly and quarterly IC results hold
for our extended sample 1959-2014, as well as the subsample 1959-2001, considered in
Stock and Watson (2002b). Therefore, both the UM test and the IC results support the
hypothesis of no long-run structural change in unemployment (in first differences). These

23Recall that we are analyzing the first-difference and not the level of the unemployment rate.
24We use the modified BIC proposed by Hall, Osborn and Sakkas (2013), which employ a modified

penalty function in which each break is equivalent to the estimation of three individual regression coef-
ficients, instead of the BIC, which tends to underestimate the number of breaks. Additionally, we use
the LWZ criterion which does not require any modified penalty.
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Table 4.5: Structural breaks in the mean of unemployment

Moments/Models Test Trimming Statistic
Value

Critical
value

Break
frac-
tion

Break
date

Unconditional Mean sup Wald tests:

E(yt) UM∗
T

10% 1.711 9.11 0.417 -
5% 3.577 9.71 0.928 -

Conditional Mean sup Wald tests:

AR(1) CM∗
T

10% 24.506∗ 12.17 0.179 12/1969
5% 24.506∗ 12.80 0.179 12/1969

AR(4) CM∗
T

10% 18.184 18.86 0.898 -
5% 41.365∗ 19.57 0.928 11/2010

AR(12) CM∗
T

10% 36.962∗ 32.76 0.899 05/2009
5% 46.340∗ 33.63 0.942 09/2011

Regression model
with predictors

CM∗
T

10% 26.992∗ 20.81 0.882 05/2008
5% 26.992∗ 21.53 0.882 05/2008

Regression model
with macro factor

CM∗
T

10% 11.623 12.17 0.786 -
5% 11.623 12.80 0.786 -

Regression model with
macro uncertainty factor

CM∗
T

10% 13.545∗ 12.17 0.288 05/1975
5% 15.308∗ 12.80 0.938 11/2008

Notes: Unemployment refers to the first-difference in the monthly civilian unemployment rate, seasonally
adjusted. Sample period: 01/1960-10/2014. Source: FRED. Superscript ∗ indicates rejection of the null
hypothesis. Because of different sample sizes available for different regressions due to constructing lags,
different break factions may be indicative of the same break point.

results shed light on the current debate as to whether the recent economic crisis caused
a permanent shift in the structural unemployment, for which the evidence in Tables 4.5
and 4.6 provide no empirical support.

Next, we test for breaks in the variance of unemployment via the UV and CV tests;
these results are reported in Table 4.7.25 The UV test yields no evidence of structural
change. In contrast, the CV tests, based on AR(p) models, show a structural break
in the conditional variance of the unemployment in the mid 1980s, associated with the
Great Moderation period. The simulation evidence in Table 4.4 (top panel) showed
that dynamic misspecification, especially underestimation of the number of lags, yields
severely oversized CV tests even for T = 1000, while their power is comparable to the UV
tests. This might explain the difference in results between the two tests. Alternatively,
the results in Table 4.7 can be taken to suggest that although there is no break in the
unconditional (long-run) variance of unemployment, there is a structural change in the
conditional (short-run) variance of the unemployment dynamics, possibly related to the
Great Moderation. It is worth mentioning that the mixed empirical evidence on volatility
breaks in unemployment provided by the two tests is also found in other studies using
quarterly data. Namely, while Stock and Watson (2002b) report no evidence of breaks

25The results for UA and CA tests are identical and omitted to save space.
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Table 4.6: Structural breaks in the mean and variance of unemployment

Moments/Models Test Trim Statistic
Value

Critical
value

Break
fraction

Break
date

Unconditional Mean sup Wald tests:

E(yt) UM∗
T 10% 1.041 9.11 0.435 -

Conditional Mean sup Wald tests:

AR(4) CM∗
T 10% 10.937 18.86 0.403 -

Unconditional Variance sup Wald tests:

Var(yt) UV ∗
T 10% 2.400 9.11 0.894 -

Conditional Variance sup Wald tests:

AR(4) CV ∗
T 10% 7.443 9.11 0.435 -

Notes: See Table 5. The variance tests are corrected for a mean break, when necessary, as in Pitarakis
(2004).

using the UV test for quarterly unemployment, Sensier and van Dijk (2004) find support
for a Great Moderation volatility break when using an AR(4) model.

We further analyze the stability of the unemployment via a representative distributed
lag regression, using a small set of predictors. The model includes an intercept, the first
lag of the dependent variable, and the first lag of each of the predictors. The predictors
used in this model, in addition to the lagged dependent variable, are the real economic
activity proxied by the industrial production index as in Yashiv (2000), the average
hours worked, the unemployment insurance claims and the US real interest rate (e.g.
Blanchard and Wolfers (2000)), all taken from the FRED database.26 All variables are
first log differences, except the hours worked. These transformations are based on the
evidence from unit root tests, also employed in Stock and Watson (2002b).

The CM breaks tests for this model can be found in Table 4.5. The CM test now
indicates a break associated with the recent crisis, more specifically the Lehman Brothers
collapse. The CV breaks test, in Table 4.7, indicates a Great Moderation break. The
tests based on the AR and DL models refer to different conditional moments stemming
from the different conditioning information, which can also explain the difference in the
breaks results.

More generally given that the CM/CV tests examine a different null hypothesis than
the UM/UV tests (short-run versus long-run breaks), it is not surprising that these two
tests yield different results. Besides potential oversizing stemming from static and dy-
namic misspecification, the CM tests are also subject to the Hansen (2000) critique,
according to which these tests are not robust to potential breaks in the unconditional
(marginal) distribution of regressors. We investigate whether this critique applies to our
empirical analysis, and report the results in Table 4.8. We find that there are two regres-
sors with a break in their marginal distribution: the unemployment claims series, which
has a UV break, and the hours worked series, which has a UM break. Both breaks occur
around the Great Moderation. The CM/CV tests are not robust to these breaks, also

26The short term ex-post real interest rate is proxied by the 3-month Treasury Bill rate minus the
inflation rate based on the Consumer Price index for all Urban consumers (all items).
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Table 4.7: Structural breaks in the variance of unemployment

Moments/Models Test Trimming Statistic
Value

Critical
value

Break
fraction

Break
date

Unconditional Variance sup Wald tests:

Var(yt) UV ∗
T

10% 5.913 9.11 0.447 -
5% 5.913 9.71 0.447 -

Conditional Variance sup Wald tests:

AR(1) CV ∗
T

10% 16.416∗ 9.11 0.475 02/1986
5% 16.416∗ 9.71 0.475 02/1986

AR(4) CV ∗
T

10% 14.442∗ 9.11 0.473 02/1986
5% 14.442∗ 9.71 0.473 02/1986

AR(12) CV ∗
T

10% 14.557∗ 9.11 0.466 02/1986
5% 14.557∗ 9.71 0.466 02/1986

Regression model with
predictors

CV ∗
T

10% 13.811∗ 9.11 0.473 02/1986
5% 13.811∗ 9.71 0.473 02/1986

Regression model with
macro factor

CV ∗
T

10% 12.759∗ 9.11 0.472 07/1984
5% 12.759∗ 9.71 0.472 07/1984

Regression model with
macro uncertainty factor

CV ∗
T

10% 20.147∗ 9.11 0.496 02/1986
5% 20.147∗ 9.71 0.496 02/1986

Notes: See Table 5.

explaining the difference in results between the unconditional and conditional tests.
We also apply these tests to two distributed lag models of unemployment, driven by

two monthly factors respectively: a macro factor, extracted from the mean of a large
cross-section of economic and financial US series, and a macro uncertainty factor (the
models include an intercept and the first lag of each factors). Both factors are taken from
Jurado, Ludvigson and Ng (2014) and their use is further motivated in Benigno, Ricci
and Surico (2015), inter alia. We examine the stability of the relationship between unem-
ployment and these macro factors; the results are reported in the last two rows of Tables
4.5 and 4.7, respectively. We find no break in the dynamic relationship between the
unemployment rate and the macro factor (that represents macroeconomic conditions).
This result is in contrast to the remaining distributed lag models in Table 4.5, which
are driven by a small set of predictors. An explanation for this mixed evidence can be
found in Table 4.8, which shows that while some of individual predictors in Table 4.5 are
subject to the Hansen (2000) critique, the macro factor is not. Hence, applying the CM
tests to factor augmented models yields more reliable inference than the aforementioned
regression models based on certain economic variables.

Thus, both the CM test of the factor-augmented regression with the macro factor and
the UM test indicate no evidence of mean breaks in unemployment.27 Turning though

27It is worth mentioning that the macro uncertainty factor provides only weak and mixed empirical
evidence of a break in the relationship between the unemployment and macro uncertainty, as shown in
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Table 4.8: Structural breaks in the regressors

Moments Test Trimming Statistic
Value

Critical
value

Break
fraction

Break
date

Hours Worked

E(yt) UM∗

T

10% 14.805∗ 9.11 0.467 10/1985
5% 14.805∗ 9.71 0.467 10/1985

Unemployment Claims

E(yt) UM∗

T
10% 3.729 9.11 0.898 -
5% 3.729 9.71 0.898 -

Industrial Production

E(yt) UM∗

T

10% 3.816 9.11 0.118 -
5% 3.816 9.71 0.118 -

3-month real interest rate

E(yt) UM∗

T
10% 5.154 9.11 0.387 -
5% 5.154 9.71 0.387 -

Macro Factor

E(yt) UM∗

T

10% 2.646 9.11 0.281 -
5% 2.646 9.71 0.281 -

Macro Uncertainty Factor

E(yt) UM∗

T
10% 5.214 9.11 0.898 -
5% 6.295 9.71 0.921 -

Hours Worked

Var(yt) UV ∗

T

10% 3.605 9.11 0.892 -
5% 5.778 9.71 0.947 -

Unemployment Claims

Var(yt) UV ∗

T
10% 13.708∗ 9.11 0.430 10/1983
5% 13.708∗ 9.71 0.430 10/1983

Industrial Production

Var(yt) UV ∗

T

10% 5.756 9.11 0.436 -
5% 5.756 9.71 0.436 -

3-month real interest rate

Var(yt) UV ∗

T
10% 4.514 9.11 0.409 -
5% 4.514 9.71 0.409 -

Macro Factor

Var(yt) UV ∗

T

10% 4.277 9.11 0.898 -
5% 10.181∗ 9.71 0.935 01/2009

Macro Uncertainty Factor

Var(yt) UV ∗

T
10% 4.969 9.11 0.898 -
5% 8.317 9.71 0.928 -

Notes: First series: Average Weekly Hours of Production and Nonsupervisory Employees: Manufactur-
ing, Hours, Monthly, Seasonally Adjusted. Sample Period: 01/1960-10/2014. Source: FRED. Second
series: Average Weekly Initial Claims, Unemployment Insurance (Thousands). Sample Period: 01/1960-
10/2014. Source: Ludvigson and Ng (2009). Third series: Industrial Production Index, Index 2007=100,
Monthly, Seasonally Adjusted. Sample Period: 01/1960-10/2014. Source: FRED. Fourth series: 3-
month real interest rate (computed as the difference between the 3-month Treasury Bill rate and the
3-month (CPI) based inflation rate, FRED). Sample Period: 04/1960-10/2014. The variance tests are
corrected for a mean break, if needed, as in Pitarakis (2004).
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to the results in Table 4.7, there is consistent evidence of a structural change associated
with the Great Moderation in the conditional variance of the unemployment rate.

To summarize, we find no long-run breaks in the unemployment mean, in its volatil-
ity, or in its relationship to the overall macro conditions approximated by macro factors.
However, there is evidence of short-run mean shifts in the unemployment rate related
to women entering the labor force, or shifts in the relationship to other macroeconomic
variables around the Great Moderation. There is further evidence of conditional vari-
ance breaks. It is worth emphasizing that our results are for the first-difference in the
unemployment rate, and not the level of this series. There may be long-run shifts in
the level of structural unemployment rates, but these can be detected only with tests for
nonstationary variables, which are beyond the scope of this paper.

Turning to the analysis of short-term interest rates, several papers find breaks in their
conditional mean - see e.g. Garcia and Perron (1996), Stock and Watson (2002b) and
Sensier and van Dijk (2004). For example, Garcia and Perron (1996) employ a markov
switching model with three possible regimes in mean and variance for ex-post real interest
rates. They find that there are two mean shifts, one in 1973 associated with the sudden
rise in oil prices and another in 1981 which is in line with a federal budget deficit. Fur-
thermore, Rapach and Wohar (2005) examine structural breaks in the mean real interest
rate for 13 industrialized countries over the period 1960 till 1998. They find for the US
breaks in the late 1960s, early 1970s as well as early 1980s.

We focus on the first-differenced interest rates; they are computed as the annualized
nominal 3-month Treasury Bill minus the 3-month CPI inflation rate, over the sample
period 1960:1-2014:10. Tables 4.9 and 4.10 show that the UM and UV tests detect
no break whilst the corresponding CM and CV tests, based on the AR(p) model, detect
breaks in the mid 1970s, early 1980s, late 1982s and the end of 2008.28 In line with Garcia
and Perron (1996), the mean break in mid 1970s is associated with the oil crisis and the
one in early 1980s with the federal budget deficit. Moreover, the mean break towards the
end of 2008, based on an AR(12) model, coincides with the financial crisis. With respect to
variance breaks, all AR(p) models return a break around the Great Moderation. Similar
to the unemployment evidence reported earlier, the short-run breaks detected in the
conditional moments do not reflect in long-run unconditional moment breaks in the US
interest rates.

the last row of Table 4.5.
28In Table 4.8 we use the real interest rates whereas Tables 4.9 and 4.10 we use the annualized real

interest rates because the latter features as the primary series in many other empirical analyses. The
qualitative results are the same whether the real interest rates are annualized or not.
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Table 4.9: Structural breaks in the mean of real interest rates

Moments/Models Test Trimming Statistic
Value

Critical
value

Break
fraction

Break
date

Unconditional Mean sup Wald tests:

E(yt) UM∗

T

10% 5.900 9.11 0.386 -
5% 5.900 9.71 0.386 -

Conditional Mean sup Wald tests:

AR(1) CM∗

T
10% 23.940∗ 12.17 0.366 04/1980
5% 23.940∗ 12.80 0.366 04/1980

AR(2) CM∗

T

10% 44.190∗ 14.69 0.262 09/1974
5% 44.190∗ 15.36 0.262 09/1974

AR(3) CM∗

T
10% 46.807∗ 16.91 0.261 09/1974
5% 46.807∗ 17.54 0.261 09/1974

AR(4) CM∗

T

10% 43.762∗ 18.86 0.261 09/1974
5% 43.762∗ 19.57 0.261 09/1974

AR(12) CM∗

T

10% 72.248∗ 32.76 0.889 11/2008
5% 72.248∗ 33.63 0.889 11/2008

Notes: The real interest rate is the first difference in the annualized 3-month real interest rate (computed
as the annualized 3-month Treasury Bill rate minus the annualized 3-month (CPI) inflation rate). Sample
Period: 04/1960-10/2014. Superscript ∗ indicates rejection of the null hypothesis. Source: FRED.

Table 4.10: Structural breaks in the variance of real interest rates

Moments/Models Test Trimming Statistic
Value

Critical
value

Break
fraction

Break
date

Unconditional Variance sup Wald tests:

Var(yt) UV ∗

T

10% 4.823 9.11 0.409 -
5% 4.823 9.71 0.409 -

Conditional Variance sup Wald tests:

AR(1) CV ∗

T
10% 20.720∗ 9.11 0.410 09/1982
5% 20.720∗ 9.71 0.410 09/1982

AR(2) CV ∗

T

10% 24.770∗ 9.11 0.412 11/1982
5% 24.770∗ 9.71 0.412 11/1982

AR(3) CV ∗

T

10% 23.219∗ 9.11 0.410 10/1982
5% 23.219∗ 9.71 0.410 10/1982

AR(4) CV ∗

T

10% 23.452∗ 9.11 0.409 10/1982
5% 23.452∗ 9.71 0.409 10/1982

AR(12) CV ∗

T

10% 20.746∗ 9.11 0.398 08/1982
5% 20.746∗ 9.71 0.398 08/1982

Notes: See Table 4.9.



Conclusion 111

4.6 Conclusion

In this paper, we propose an alternative and complementary approach to the sup Wald
test for breaks in the conditional mean and variance. We show that the corresponding
unconditional mean and variance break tests exhibit not only comparable size and power
properties but are also robust to various forms of regression model misspecification. We
show that under certain commonly encountered forms of regression model misspecifica-
tion, the traditional conditional mean break tests suffer from severe oversizing, even for
large sample sizes, compared to the unconditional mean break tests which don’t suffer
from this problem. Moreover, both tests have similar size-adjusted power as the sample
size grows. In a comprehensive empirical analysis, we apply these tests to show that
there is no evidence of long-run breaks in the US civilian unemployment growth, and US
short-term real interest rate growth. It is worth noting that we only use a test that we
show has better size and power properties than the most common break point test used,
the conditional sup Wald. There could be more powerful tests that would detect a break,
like the test in Elliot and Muller (2014). A similar analysis for the unconditional version
of Elliot and Muller (2014) is beyond the scope of the paper.



Appendix

4.A Proofs of Theorems

Proof of Theorem 1:
Part (i). Aue and Horvath (2012) define a CUSUM test for HUM

0 versus HUM
A as follows:

Z∗
T = supλ∈[ǫ,1−ǫ]ZT (λ), ZT (λ) =

1√
T

(∑[Tλ]
t=1 yt − [Tλ]

T

∑T
t=1 yt

)
/v̂

1/2
u ,

where v̂u is a HAC consistent estimator of vu = AVar
(

1√
T

∑T
t=1 yt

)
under HUM

0 and

A1(i). They state that if a functional central limit theorem (FCLT) holds under HUM
0 for

1√
T

∑[Tλ]
t=1 ut, then ZT (λ) ⇒ [B1(λ)−λB1(1)] = B1(λ), and so by the continuous mapping

theorem (CMT),
Z∗

T ⇒ supλ∈[ǫ,1−ǫ]B1(λ), (4.6)

where B1(λ) = B1(λ)−λB1(1) is a scalar independent Brownian bridge. Below, we show
that there is a clear connection between the CUSUM and the UM test, so the asymptotic
distribution of the second follows from the first.

T (y1λ − y2λ)
2 = T

(
1

T1λ

∑
1λ yt − 1

T2λ

∑
2λ yt

)2

= T 3

T 2
1λT

2
2λ

(
T2λ

T

∑
1λ yt − T1λ

T

∑
2λ yt

)2

= T 3

T 2
1λT

2
1λ

(∑
1λ yt − T1λ

T

∑T
t=1 yt

)2

=
[

1
λ2(1−λ)2

+ o(1)
] [

1√
T

(∑
1λ yt − T1λ

T

∑T
t=1 yt

)]2

⇒ vu[B1(λ)− λB1(1)]
2/[λ2(1− λ)2] = vu B2

1(λ)/[λ
2(1− λ)2].

Since vuλ = AVar(
√
T (y1λ − y2λ)) = vu/[λ(1− λ)], UMT (λ) ⇒ B2

1(λ)/[λ(1− λ)], so:

UM∗
T ⇒ supλ∈[ǫ,1−ǫ]B2

1(λ)/[λ(1− λ)]. (4.7)

Comparing (4.6) and (4.7), the two limiting distributions attain their supremum at differ-
ent λ’s, and thus the size of these tests will in general be different.29 However, underlying
the asymptotic theory is the same assumption, that the FCLT holds for T−1/2

∑[Tλ]
t=1 ut.

A1 guarantees that the FCLT in Wooldridge and White (1988), Theorem 2.11, can be
applied for ut (in fact, we only need dm = O(m−1/2)), completing the proof of (i).

Part (ii). Here, we just verify A1 for |yt − y| − a instead of ut. The rest of the proof
is as in part (i) of the proof. A1(i) is straightforward, and we are left to verify A1(ii).
Since ut is L2-near epoch dependent of size m−1/2 on {gt} with positive constants equal
to 1 (these constants appear in the near epoch dependent definition in Davidson (1994)

29Also note that the test statistic supλ∈[ǫ,1−ǫ]

√
UMT is known in statistics as a “weighted version” of

the CUSUM test - see Aue and Horvath (2012), p. 5.
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but since here they are fixed, they are absorbed into the definition for dm), it follows
that so is yt − y, with constants 2 supt(1) = 2. In Theorem 17.12 in Davidson (1994),
let φt(·) = | · |, a uniform Lipschitz function, with the argument yt − y. Then, yt − y is
L2-near epoch dependent of size m−1/2.
Part (iii). Here, we just verify A1(ii) for (yt − y)2 − vu, instead of ut. In Theorem 17.12
in Davidson (1994), under HUV

0 and HUM
0 , define the function φt(yt− y) = (yt− y)2− vu.

From part (ii) of the proof, (yt − y) is a L2-near epoch dependent process of size m−1 on
{gt} with constants equal to 2. Below, we show that under HUM

0 , φt is uniform Lipschitz
almost surely:

|φt(yt − y)− φt(yk − y)| = |(yt − y)2 − (yk − y)2|
≤ |yt + yk − 2y| |(yt − y)− (yk − y)| ≤ |ut + uk − 2u| |(yt − y)− (yk − y)|
≤ (4 supt |ut|) |(yt − y)− (yk − y)| ≤ κ|(yt − y)− (yk − y)|, almost surely,

for some κ > 0, by Assumption 1.3 for ut, where u = T−1
∑T

t=1 ut. Hence, by Theorem
17.12 in Davidson (1994), (yt−y)2−vu is also L2-near epoch dependent of size m−1/2.

Proof of Theorem 2:
(i). Since A2 is a special case of Assumption 8 in Hall, Han and Boldea (2012), the result
follows directly from their Theorem 6, setting xt = zt.
(ii), (iii). Primitive assumptions for CV test can be found in e.g. Qu and Perron (2007)
and involve joint mixing assumptions on {xtǫt} and ǫ2t . They mention that these condi-
tions can be replaced by sufficient conditions to yield a FCLT for {xtǫt} and ǫ2t −vǫ under
the null. By similar reasoning, for the CA test, sufficient conditions to yield a joint FCLT
for {xtǫt} and |ǫt| − E|ǫt| suffice. Since xt includes an intercept, these conditions can be
verified as for the proof of Theorem 1(ii)-(iii). Note that they all require HCM

0 .

Proof of Theorem 3:
Denote, for i = 1, 2, Q̂iλ,(1) = T−1

∑
iλ xt(1)x

′
t(1), Q̂iλ,(12) = T−1

∑
iλ xt(1)x

′
t(2), Q̂iλ,(2) =

T−1
∑

iλ xt(2)x
′
t(2), where recall that

∑
1λ =

∑[Tλ
t=1, and

∑
2λ =

∑T
[Tλ]+1. By A2, Q̂iλ,(1)

p→
λiQ(1), Q̂iλ,(2)

p→ λiQ(2) and Q̂iλ,(12)
p→ λiQ(12), where i = 1, 2, λ1 = λ and λ2 = 1 − λ1.

Recall that we mistakenly regress yt only on xt(1); let θ̂1λ and θ̂2λ be the OLS estimators
in {1, . . . , [Tλ]}, respectively {[Tλ] + 1, . . . , T}.

θ̂1λ = Q̂−1
1λ,(1)

∑
1λ xt(1)yt = θ(1) + Q̂−1

1λ,(1)Q̂1λ,(12)θ(2) + Q̂−1
1λ,(1)T

−1
∑

1λ xt(1)ǫt

θ̂2λ = Q̂−1
2λ,(1)

∑
1λ xt(2)yt = θ(1) + Q̂−1

2λ,(1)Q̂2λ,(12)θ(2) + Q̂−1
2λ,(1)T

−1
∑

2λ xt(1)ǫt

T 1/2(θ̂1λ − θ(1)) = Q̂−1
1λ,(1)T

1/2Q̂1λ,(12)θ(2) + Q̂−1
1λ,(1)T

−1/2
∑

1λ xt(1)ǫt

T 1/2(θ̂2λ − θ(1)) = Q̂−1
2λ,(1)T

1/2Q̂2λ,(12)θ(2) + Q̂−1
2λ,(1)T

−1/2
∑

2λ xt(1)ǫt

T 1/2(θ̂1λ − θ̂2λ) = Q̂−1
1λ,(1)T

−1/2
∑

1λ[xt(1)ǫt + (xt(1)x
′
t(2) −Q(12))θ(2)]

− Q̂−1
2λ,(1)T

−1/2
∑

2λ[xt(1)ǫt + (xt(1)x
′
t(2) −Q(12))θ(2)]

+ (λQ̂−1
1λ,(1) − (1− λ)Q̂−1

2λ,(1)) T
1/2Q(12)θ(2) + oP (1)

= Q̂−1
1λ,(1)T

−1/2
∑

1λ(kt + Ltθ(2))− Q̂−1
2λ,(1)T

−1/2
∑

2λ(kt + Ltθ(2)) + oP (1)

− λ(1− λ) T 1/2Q̂−1
1λ,(1) [Q̂1λ,(1)/λ− Q̂2λ,(1)/(1− λ)] Q̂−1

2λ,(1)Q(12)θ(2) + oP (1)
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= Q̂−1
1λ,(1)T

−1/2
∑

1λ(kt + Ltθ(2))− Q̂−1
2λ,(1)T

−1/2
∑

2λ(kt + Ltθ(2)) + oP (1)

− Q̂−1
1λ,(1)T

−1/2[
∑

1λ xt(1)x
′
t(1) − λ

∑T
t=1 xt(1)x

′
t(1)]Q̂

−1
2λ,(1)Q(12)θ(2) + oP (1)

≡ I + II − III.

I + II = Q−1
(1) T

−1/2 [
∑

1λ[kt Lt]/λ−∑
2λ[kt Lt]/(1− λ)]vec(1, θ(2)) + oP (1)

= 1
λ(1−λ)

Q−1
(1)T

−1/2
[∑

1λ[kt Lt]− λ
∑T

t=1[kt Lt]
]
vec(1, θ(2)) + oP (1).

Let δ = Q−1
(1)Q(12)θ(2), and note:

III = 1
λ(1−λ)

Q−1
(1)T

−1/2[
∑

1λ xt(1)x
′
t(1) − λ

∑T
t=1 xt(1)x

′
t(1)]Q

−1
(1)Q(12)θ(2) + oP (1)

= 1
λ(1−λ)

Q−1
(1)T

−1/2
(∑

1λ Mt − λ
∑T

t=1Mt

)
δ + oP (1)

= 1
λ(1−λ)

Q−1
(1)T

−1/2
(∑

1λ Mt − λ
∑T

t=1Mt

)
δ + oP (1).

With st = [kt Lt Mt], we have:

T 1/2(θ̂1λ − θ̂2λ) =
1

λ(1−λ)
Q−1

(1)

(∑
1λ st − λ

∑T
t=1 st

)
vec(1, θ(2),−δ) + oP (1).

By A3 and the FCLT, T−1/2
∑

1λ vec(st) ⇒ H∗1/2B∗
s (λ), and so T−1/2

∑
1λ st ⇒ H∗1/2B∗

mat(λ),
where we denoted

B∗
mat(λ) = (B∗

1:p1
(λ),B∗

p1+1:2p1
(λ), . . . ,B∗

p1p2+1:p1(p2+1)(λ),B∗
p1(p2+1)+1:p1(p2+1)+p1

(λ), . . . ,B∗
p1p+1:p1(p+1)(λ)),

so that vec(B∗
mat(λ)) = B∗

s(λ). Letting ξ = vec(1, θ(2), δ), we obtain:

T 1/2(θ̂1λ − θ̂2λ) ⇒ Q−1
(1)H

∗1/2 [B∗
mat(λ)/λ− (B∗

mat(1)−B∗
mat(λ))/(1− λ)]vec(1, θ(2), δ)

= Q−1
(1)H

∗1/2[B∗
mat(λ)− λB∗

mat(1)]ξ/[λ(1− λ)]

= Q−1
(1)H

∗1/2
(
B∗
1:p1

(λ) +
∑p2

i=1 B∗
p1i+1:p1(i+1)θi(2) +

∑p1
i=1 B∗

p1(p2+1)+p1(i−1)+1:p1(p2+1)+p1i
(λ)δi

)

= [Q−1
(1) ⊗ ξ′]H∗1/2B∗

p1(p+1),

where θi(2), δi are the ith elements of θ(2), respectively δ.

Part (i). Recall that V̂iλ = (
∑

iλ xt(1)x
′
t(1))

−1Ω̂iλ(
∑

i xt(1)x
′
t(1))

−1 and Ω̂iλ = T−1
∑

iλ ǫ̂
2
txt(1)x

′
t(1),

for i = 1, 2. Since ǫ̂t = ǫt − x′
t(1)(θ̂1λ − θ(1)) + x′

t(2)θ(2), ǫ̂
2
t = ǫ2t + (θ̂1λ − θ(1))

′xt(1)x
′
t(1)(θ̂1λ −

θ(1))+ θ′(2)xt(2)x
′
t(2)θ(2)−2(θ̂1λ−θ(1))

′ǫtxt(1)+2θ′(2)ǫtxt(2)−2(θ̂1λ−θ(1))
′xt(1)x

′
t(2)θ(2) and so:

Ω̂1λ = T−1
∑

1λ ǫ̂
2
txt(1)x

′
t(1) = T−1

∑
1λ ǫ

2
txt(1)x

′
t(1) + T−1

∑
1λ[x

′
t(1)(θ̂1λ − θ(1))]

2xt(1)x
′
t(1)

+ T−1
∑

1λ[θ
′
(2)xt(2)]

2xt(1)x
′
t(1) − 2T−1

∑
1λ(θ̂1λ − θ(1))

′ǫtxt(1)xt(1)x
′
t(1)

+ 2T−1
∑

1λ ǫtx
′
t(2)θ(2)xt(1)x

′
t(1)

− 2T−1
∑

1λ(θ̂1λ − θ(1))
′xt(1)x

′
t(2)θ(2)xt(1)x

′
t(1)

= IV + V + V I − V II + V III − IX.
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Partition Ω∗ =



Ω∗

kk Ω∗
kℓ Ω∗

km

Ω∗′
kℓ Ω∗

ℓℓ Ω∗
ℓm

Ω∗′
km Ω∗′

ℓm Ω∗
mm


, such that Ω∗

kk,Ω
∗
ℓℓ,Ω

∗
mm are p1 × p1, (p1p2)× (p1p2),

and p21×p21 respectively. First, IV = T−1
∑

1λ ǫ
2
txt(1)x

′
t(1) = T−1

∑
1λ ktk

′
t = λΩ∗

kk+oP (1).

Also, from the above, θ̂1λ − θ(1) = δ + oP (1), where δ = Q−1
(1)Q(12)θ(2). Thus, because of

existence of fourth order moments of xt by A3, it can be shown that:

V = T−1
∑

1λ[x
′
t(1)(θ̂1λ − θ(1))]

2xt(1)x
′
t(1) = T−1

∑
1λ(xt(1)x

′
t(1)δ)(δ

′xt(1)x
′
t(1)) + oP (1)

= T−1
∑

1λ(xt(1)x
′
t(1) −Q(1))δδ

′(xt(1)x
′
t(1) −Q(1)) + oP (1) +Q(1)δδ

′T−1
∑

1λ xt(1)x
′
t(1)

+ T−1
∑

1λ xt(1)x
′
t(1)δδ

′Q(1) − λQ(1)δδ
′Q(1) + oP (1)

= T−1
∑

1λ(xt(1)x
′
t(1) −Q(1))δδ

′(xt(1)x
′
t(1) −Q(1)) + λQ(1)δδ

′Q(1) + oP (1)

= T−1
∑

1λ Mtδδ
′M ′

t + λQ(12)θ(2)θ
′
(2)Q

′
(12) + oP (1).

We have T−1
∑

1λ vec(Mt)vec
′(M ′

t)
p→ λΩ∗

mm by A3. With mt,ij , ℓt,ij the (i, j)th element
of Mt, Lt and δi the ith element of δ, we have:

δ′M ′
t = vec[

∑p1
n=1 δnmt,n1, . . . ,

∑p1
n=1 δnmt,np1 ]

= vec[δ′ {vec[Mt]}1:p1 , . . . , δ′ {vec[Mt]}(p21−p1+1):p21
] = vec′[Mt][Ip1 ⊗ δ],

Mtδ = [
∑p1

n=1 δnMt,1n, . . . ,
∑p1

n=1 δnMt,p1n] = [Ip1 ⊗ δ′]vec[M ′
t ],

Ltθ(2) = [Ip1 ⊗ θ′(2)]vec[L
′
t],

θ′(2)L
′
t = vec′[Lt][Ip1 ⊗ θ(2)].

It follows that:

Mtδδ
′M ′

t = [Ip2 ⊗ δ′]vec[M ′
t ]vec

′[Mt][Ip1 ⊗ δ],

V = T−1
∑

1λ Mtδδ
′M ′

t + λQ(12)θ(2)θ
′
(2)Q

′
(12) + oP (1)

= λ[Ip1 ⊗ δ′]Ω∗
mm[Ip1 ⊗ δ] + λQ(12)θ(2)θ

′
(2)Q

′
(12) + oP (1).

Similarly, it follows that:

V I = T−1
∑

1λ xt(1)x
′
t(2)θ(2)θ

′
(2)xt(2)x

′
t(1) = T−1

∑
1λ(xt(1)x

′
t(2) −Q(12))θ(2)θ

′
(2)(xt(2)x

′
t(1) −Q′

(12))

+Q(12)T
−1

∑
1λ θ(2)θ

′
(2)xt(2)x

′
t(1) + T−1

∑
1λ xt(1)x

′
t(2)θ(2)θ

′
(2)Q

′
(12) − λQ(12)θ(2)θ

′
(2)Q

′
(12)

= T−1
∑

1λ Ltθ(2)θ
′
(2)L

′
t + λQ(12)θ(2)θ

′
(2)Q

′
(12) + oP (1)

= λ[Ip1 ⊗ θ′(2)]Ω
∗
ℓℓ[Ip1 ⊗ θ(2)] + λQ(12)θ(2)θ

′
(2)Q

′
(12) + oP (1).

Also,

V II = 2T−1
∑

1λ(θ̂1λ − θ(1))
′ǫtxt(1)xt(1)x

′
t(1) = 2T−1

∑
1λ(δ

′xt(1)ǫt) xt(1)x
′
t(1) + oP (1)

= 2T−1
∑

1λ(δ
′xt(1)ǫt) (xt(1)x

′
t(1) −Q(1)) + 2T−1

∑
1λ(δ

′xt(1)ǫt)Q(1) + oP (1)

= 2T−1
∑

1λ xt(1)ǫtδ
′(xt(1)x

′
t(1) −Q(1)) + oP (1) = 2T−1

∑
1λ ktδ

′M ′
t + oP (1)

= T−1
∑

1λ ktδ
′M ′

t + T−1
∑

1λ δ
′M ′

tkt + oP (1) = λΩ∗
km[Ip1 ⊗ δ] + λ[Ip1 ⊗ δ′]Ω∗′

km + oP (1),
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V III = 2T−1
∑

1λ θ
′
(2)ǫtxt(2)xt(1)x

′
t(1) = 2T−1

∑
1λ xt(1)ǫtθ

′
(2)xt(2)x

′
t(1)

= 2T−1
∑

1λ xt(1)ǫtθ
′
(2)(xt(2)x

′
t(1) −Q′

(12)) + oP (1) = 2T−1
∑

1λ ktθ
′
(2)L

′
t + oP (1) =

= λΩ∗
kℓ[Ip1 ⊗ θ(2)] + λ[Ip1 ⊗ θ′(2)]Ω

∗′
kℓ + oP (1),

IX = 2T−1
∑

1λ(θ̂1λ − θ(1))
′xt(1)x

′
t(2)θ(2)xt(1)x

′
t(1) = 2T−1

∑
1λ xt(1)x

′
t(1)δθ

′
(2)xt(2)x

′
t(1) + oP (1)

= 2T−1
∑

1λ Mtδθ
′
(2)L

′
t + 2Q(1)δθ

′
(2)T

−1
∑

1λ xt(2)x
′
t(1) + 2T−1

∑
1λ xt(1)x

′
t(1)δθ

′
(2)Q

′
(12)

− 2λQ(1)δθ
′
(2)Q

′
(12) + oP (1)

= λ[Ip1 ⊗ δ′]Ω∗′
ℓm[Ip1 ⊗ θ(2)] + λ[Ip1 ⊗ θ′(2)]Ω

∗
ℓm[Ip1 ⊗ δ] + 2λQ(1)δθ

′
(2)Q

′
(12) + oP (1).

Putting all of the above together,

Ω̂∗
1λ = λ

{
Ω∗

kk + [Ip1 ⊗ δ′]Ω∗
mm[Ip1 ⊗ δ] + [Ip1 ⊗ θ′(2)]Ω

∗
ℓℓ[Ip1 ⊗ θ(2)]− Ω∗

km[Ip1 ⊗ δ]− [Ip1 ⊗ δ′]Ω∗′
km

+Ω∗
kℓ[Ip1 ⊗ θ(2)] + [Ip1 ⊗ θ′(2)]Ω

∗′
kℓ − [Ip1 ⊗ δ′]Ω∗′

ℓm[Ip1 ⊗ θ(2)]− [Ip1 ⊗ θ′(2)]Ω
∗
ℓm[Ip1 ⊗ δ]

}
+ oP (1)

= λ {[Ip1 ⊗ ξ′] Ω∗ [Ip1 ⊗ ξ]}+ oP (1)

V̂1λ = 1
λ
Q−1

(1) {[Ip1 ⊗ ξ′] Ω∗ [Ip1 ⊗ ξ]}Q−1
(1) + oP (1) =

1
λ

{
[Q−1

(1) ⊗ ξ′] Ω∗ [Q−1
(1) ⊗ ξ]

}
+ oP (1)

V̂2λ = 1
1−λ

{
[Q−1

(1) ⊗ ξ′] Ω∗ [Q−1
(1) ⊗ ξ]

}
+ oP (1)

V̂λ = 1
λ(1−λ)

{
[Q−1

(1) ⊗ ξ′] Ω∗ [Q−1
(1) ⊗ ξ]

}
+ oP (1).

Hence,

CM∗
T ⇒ supλ

{
1

λ(1−λ)
B∗′
p1(p+1)(λ) A B∗

p1(p+1)(λ)
}
,

with A = H∗1/2′

[Q−1
(1) ⊗ ξ]

{
[Q−1

(1) ⊗ ξ′] Ω∗ [Q−1
(1) ⊗ ξ]

}−1

[Q−1
(1) ⊗ ξ′]H∗1/2.

Part (ii). In this case,

v̂ǫ,1λ = T−1
1λ

∑
1λ ǫ

2
t + (θ̂1λ − θ(1))

′ T−1
1λ

∑
1λ xt(1)x

′
t(1)(θ̂1λ − θ(1)) + θ′(2) T

−1
1λ

∑
1λ xt(2)x

′
t(2)θ(2)

− 2(θ̂1λ − θ(1))
′ T−1

1λ

∑
1λ ǫtxt(1) + 2θ′(2) T

−1
1λ

∑
1λ ǫtxt(2) − 2(θ̂1λ − θ(1))

′ T−1
1λ

∑
1λ xt(1)x

′
t(2)θ(2)

= σ2
ǫ + δ′Q(1)δ + θ′(2)Q(2)θ(2) − 2δ′Q(12)θ(2) + oP (1)

= σ2
ǫ + θ′(2)Q

′
(12)Q

−1
(1)Q(12)θ(2) + θ′(2)Q(2)θ(2) − 2θ′(2)Q

′
(12)Q

−1
(1)Q(12)θ(2) + oP (1)

= σ2
ǫ − θ′(2)Q

′
(12)Q

−1
(1)Q(12)θ(2) + θ′(2)Q(2)θ(2) + oP (1)

= λσ2
ǫ + θ′(2)[Q(2) −Q′

(12)Q
−1
(1)Q(12)]θ(2) + oP (1)

V̂1λ =
{
σ2
ǫ + θ′(2)[Q(2) −Q′

(12)Q
−1
(1)Q(12)]θ(2)

}
Q−1

(1)/λ+ oP (1)

V̂2λ =
{
σ2
ǫ + θ′(2)[Q(2) −Q′

(12)Q
−1
(1)Q(12)]θ(2)

}
Q−1

(1)/(1− λ) + oP (1)

V̂λ = 1
λ(1−λ)

{
σ2
ǫ + θ′(2)[Q(2) −Q′

(12)Q
−1
(1)Q(12)]θ(2)

}
Q−1

(1) + oP (1) =
ν

λ(1−λ)
Q−1

(1) + oP (1).

So, CM∗
T weakly converges to:

= supλ

{
1

νλ(1−λ)
B∗′
p1(p+1)(λ)H

∗1/2′{Q−1
(1) ⊗ (ξξ′)}H∗1/2B∗

p1(p+1)(λ)
}
.
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