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Abstract

Different series of high-frequency monetary shocks can have a correlation coefficient as low as 0.5
and the same sign in only two-thirds of observations. Both data and methods drive these differences,
which are starkest when the federal funds rate is at its effective lower bound. Methods that exploit the
differential responsiveness of short- and long-term asset prices can incorporate additional informa-
tion. After documenting differences in monetary shocks, we explore their consequence for inference.
We find that empirical estimates of monetary policy transmission from local projections and VARs
are less affected by shock choice than forecast revision specifications.
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1 INTRODUCTION

Because monetary policy simultaneously affects and responds to economic conditions, identifying ex-
ogenous monetary instruments is an ongoing challenge for researchers. Any instrument must fulfill the
requirements of 1) being orthogonal to underlying macroeconomic conditions and 2) isolating unantic-
ipated changes in monetary policy from those that are anticipated. Instruments must therefore control
for all available information at the time of a monetary policy decision and be able to assess the degree to
which the decision was a surprise.

Since at least Kuttner (2001), high-frequency environments have proven useful for identifying instru-
ments that estimate monetary shocks. By relying on data at a frequency higher than the typical monthly
or quarterly, macroeconomists can fine-tune information sets to extract market surprises. Asset prices
observed minutes before a monetary policy decision presumably contain all available information and
hence control for any anticipated decision. Asset prices observed minutes after a monetary policy deci-
sion reflect the market reaction to the decision. Because only monetary news is released in the narrow
time window surrounding a decision, researchers can presumably isolate monetary surprises from non-
monetary news.

Given that various high-frequency monetary shock series rely on similar narrow time windows around
the same monetary policy announcements, one would expect the series to have similar magnitudes and
signs even if underlying data or statistical methods differ. However, differences in estimates emerge in
practice, especially when the federal funds rate is at its effective lower bound (ELB). For example, the
monetary shock series of Nakamura and Steinsson (2018) and Bu et al. (2021) have only a 0.5 correlation
coefficient and the same sign for only two-thirds of observations. These differences are amplified at the
ELB such that the signs are only the same for about one-third of observations. For researchers studying
the transmission of monetary policy to either financial markets or the macroeconomy, these differences
in monetary shock series could be particularly troubling if they lead to differences in estimates of the
effect of monetary policy.

We first ask whether methods or data drive the differences in high-frequency monetary shock series
for the United States. Like Swanson (2023) and Bu et al. (2021), we find that asset prices with longer ma-
turities are a driver of differences, especially when the federal funds rate is at its effective lower bound
(ELB). Monetary shock series calculated from asset prices with maturities of a year or less—those of
Kuttner (2001), Gertler and Karadi (2015), and Nakamura and Steinsson (2018)—yield estimates that
are relatively smaller in magnitude at the ELB. By contrast, estimates based on asset prices with longer
maturities—those of Bu et al. (2021)—yield monetary shocks series that have similar magnitudes in ELB
and non-ELB periods.

Data on long-term rates can contribute to differences in monetary shock series because central bank
policy toolkits expanded throughout the 21st century. Although short-term interest rates remain the
main policy tool, newer tools such as forward guidance and large-scale asset purchases (LSAPs) have
been aggressively deployed when the federal funds rate is constrained by the ELB. While the federal
funds rate affects shorter rates more strongly, forward guidance and LSAPs specifically target longer

rates. Therefore, high-frequency monetary shock series constructed from only short-term rates may be



less equipped to capture the effects of these newer policy tools. This is especially true when the Federal
Reserve explicitly communicates little or no probability of an increase in the federal funds rate in the
near future, as was often the case at the ELB.

However, we find that data on long-term rates are not the only determinant of differences in mon-
etary shock series: methods are also important for capturing the effects of the 21st-century monetary
policy toolkit. The Fama-MacBeth regression used by Bu et al. (2021) exploits the differential responsive-
ness of short- and long-term rates to monetary policy. Because long-term rates may be less responsive,
on average, to monetary policy than short-term rates, methods such as the principal component analy-
sis of Nakamura and Steinsson (2018) that weight by the averages across the sample are less equipped to
extract information from long-term rates.

The first contribution of this paper is to construct commonly used monetary shock series from raw
data so that readers without access to the underlying high-frequency data have a better understanding
of the choices faced by researchers. Although high-frequency constructs are widely used, limited data
availability of the underlying asset prices often precludes construction from scratch [see Nakamura and
Steinsson (2018), Acosta (2023) and Nunes et al. (2023) for notable exceptions]. Although there are nu-
merous high-frequency series, we focus on six: four that are commonly used—Kuttner (2001), Gertler
and Karadi (2015), Nakamura and Steinsson (2018), and Bu et al. (2021)—and two of our own creation
that swap data and methods. All six series rely on asset price data that are either at an intraday or a daily
frequency.

Because many commonly used monetary shock series have been shown to be predictable and hence
not entirely exogenous, we carry out several predictability tests standard in the literature [see Karnaukh
and Vokata (2022), Bauer and Swanson (2022, 2023), Caldara and Herbst (2019), Sastry (2021), Miranda-
Agrippino and Ricco (2021)]. We find that only a subset of shock series constructed from short-term asset
prices are predictable. Although predictability is undesirable, we find that it may not necessarily lead to
substantial consequences for inference.

This paper’s second contribution is to analyze how differences in data and methods affect estimates
of monetary policy transmission. Specifications that predict forecast revisions by monetary policy sur-
prises yield transmission estimates with signs and magnitudes affected by the choice of monetary shock
series. While the monetary shock series of Bu et al. (2021) is the most likely to deliver signs and mag-
nitudes in line with theoretical predictions, the shock series of Kuttner (2001) is the next best. Of all
of the shock series studied, these two are some of the simplest to construct in terms of both data and
methodology.

Estimates of monetary transmission from local projections and vector Autoregressions (VARs) are
more similar across shock series than their counterparts estimated via forecast revisions. Daily local
projections that match the frequency of shocks and response variables deliver impulse response func-
tions with a negative sign predicted by theory in the four main shock series studied. Positive responses
that contradict theoretical predictions are typically not statistically significant and short-lived. VAR spec-
ifications can yield similar findings: impulse response functions vary in magnitude across the four main

shock series, but all have signs consistent with theoretical predictions. Accordingly, differences in shock



series are less likely to affect transmission estimates in dynamic specifications like VARs relative to more

static treatments.

1.1 CONNECTION TO THE LITERATURE  While there are numerous approaches to identify instruments
that estimate monetary shocks, we focus on four commonly used high-frequency series and two that
swap data and methods. These monetary shock series are constructed either directly from raw data
or from simple statistical procedures. The data used in construction consist of short-term futures and
the full term structure of Treasury yields. Although there are complementary non-high frequency ap-
proaches and add-on techniques that further purge high-frequency series from contamination, we focus
on four core series to adhere to first principles as closely as possible. In a similar appeal to simplicity, we
focus on shock series that summarize monetary policy in a single series rather than multiple dimensions.

Examples of non-high-frequency identification of instruments that estimate monetary shocks in-
clude interpreting the residual of a VAR [Christiano et al. (1996, 2005)] and parsing FOMC policy docu-
ments for any intended changes in the federal funds rate [Romer and Romer (1989), Romer and Romer
(2004), Wieland and Yang (2020), Aruoba and Drechsel (2023)]. Because high-frequency identification
explicitly relies on monetary policy announcements, most researchers are limited to starting their sam-
ple in 1994 when the Federal Reserve’s Federal Open Market Committee (FOMC) began regularly an-
nouncing its monetary policy decisions. Other approaches typically extract longer monetary shock se-
ries because they are not constrained to explicitly announced FOMC decisions. However, judgement
plays a larger role in determining the time and date of a monetary shock in the absence of an explicit
announcement. Therefore, relying on explicitly announced decisions may lend to reproducibility, as it is
straightforward for researchers to look up the date and time of the announcement and calculate a fixed
time window around that announcement.!

Researchers have focused on refining high-frequency monetary shock series with add-on techniques
because estimates of monetary transmission often have a sign that is opposite of what theory predicts.?
By controlling for information mismatches between central banks and private agents, high-frequency
monetary shock series and their associated monetary transmission estimates can be purged of this so-
called “Fed information effect" [see Miranda-Agrippino and Ricco (2021), Bauer and Swanson (2023,
2022), Jarocinski and Karadi (2020), Nunes et al. (2023), Zhu (2023), and others]. Because there are many
solutions to control for potentially endogenous information components detected in high-frequency
monetary shock series, we leave our monetary shock series in their simplest form without any additional
refinements, permitting more straightforward and transparent comparisons across data and methods.

Because today’s monetary policy utilizes an expansive toolkit rather than a single tool in the form
of the federal funds rate, researchers have often extracted multi-dimensional high-frequency monetary
shock series [Glirkaynak et al. (2005), Lewis (2023), Swanson (2021, 2023), Acosta (2023), Jarocinski (2023)
and others]. We focus on univariate monetary shock series for easier comparisons across data and meth-

ods, especially for exercises that swap data and methods. A single series allows us to parsimoniously

1See Appendix D for details on FOMC announcement dates and times.
2Bauer and Swanson (2023) and Jacobson et al. (2022) are notable exceptions that instead explore features of response vari-
ables that may explain opposite-signed responses.



identify the joint effects of monetary policy tools and may combine different dimensions of monetary
policy decisions.

Although we focus on high-frequency monetary shock series for the United States, the data and
methods described in this paper can be extended to other settings. Altavilla et al. (2019), Cieslak and
Schrimpf (2019), Andrade and Ferroni (2021), Bu et al. (2021), and others construct shock series for Eu-
rope while Braun et al. (2023) and Cieslak and Schrimpf (2019) construct shock series for the United
Kingdom. Like us, these researchers start from raw data to highlight the choices faced by researchers

and how these choices affect estimates of monetary transmission.

2 SHOCK CONSTRUCTION

We focus on the commonly used high-frequency monetary shock series that rely on tick-level intraday
or daily data of the federal funds rate futures, eurodollar futures, and Treasury yields. Some of these
series are first-differences of raw or scaled data while others rely on statistical procedures like principal
component analysis or Fama-MacBeth regression. Careful assessment necessitates constructing these
instruments from scratch. This allows us to better understand how various components of the under-
lying assets and statistical methodology contribute to final estimates. To that end, we first provide a
brief description of the financial assets used in the shock construction with notation: superscripts j
are the duration of an asset; subscripts s and g are the month and quarter, respectively, of an FOMC
announcement; and subscripts ¢ are the time of measurement with A¢ the duration of time between

measurements.

Federal Funds Futures are futures contracts traded on the Chicago Mercantile Exchange since 1988. We
obtain the data from CME Group Inc. DataMine (https://datamine.cmegroup.com/) at the Federal Re-
serve Board. The contract index, following International Monetary Market (IMM) convention, is priced
as 100—R, where R is the arithmetic average of the daily effective federal funds rates during the contract
month. For example, a price quote of 95.75 is equivalent to an average daily rate of 4.25 over the course
of the month in which the contract matures. The futures contract unit is $4,167 x contract index with a
tick size of one-quarter of one basis point (0.0025), or $10.4175 (0.0025 x $4,167) for the nearest month’s
contract and one-half of one basis point (0.005), or $20.835 per contract for all other months. Contracts
are monthly listed for 60 consecutive months and are traded Sunday through Friday from 6:00 pm to 5:00
pm EST. The effective federal funds rate is calculated as a volume-weighted median of overnight federal
funds transactions and is reported by the Federal Reserve Bank of New York the next business day by 9
AM. Eastern Time in the FR 2420 Report of Selected Money Market Rates. Expiring contracts are cash
settled against the average daily Federal Funds overnight rate for the delivery month, rounded to the
nearest one-tenth of one basis point with final settlement occurring on the first business day following
the last trading day.

As documented by Barakchian and Crowe (2013), the federal funds futures market is highly liquid for
contracts expiring in the next three months and less liquid for contracts expiring in several years. Because

the federal funds rate futures are more liquid at shorter horizons, only horizons up to three months ahead
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are typically used in the construction of monetary shock series. Trading volume was relatively low during
ELB episodes, but has roughly tripled from 2014 as shown in Appendix Figure (A.11).

Following the literature, we measure the change in federal funds rate futures around monetary policy
announcements in month s and time ¢ as A ffsj = ffS]: ;= ffs{ —n; Where Ar measures the length of the
high-frequency window and j is the duration of the futures contract. For example, if s = March 2014
then j =1 is the contract that expires March 31 2014, j = 2 expires April 30 2014, and so on. In the
shock series studied below, as in the literature, we only examine j = 1,2,3,4. We discuss the length of the

high-frequency window in more detail below.

Eurodollar Futures were quarterly futures contracts traded on the Chicago Mercantile Exchange from
1981 to April of 2023. Eurodollars is a generic term to describe U.S. dollar-denominated deposits at
foreign banks or at the overseas branches of American banks that are outside of the purview of the U.S.
financial regulatory framework. Prior to April of 2023, Eurodollar futures had a payout at expiration
based on the three-month maturity London Inter-Bank Offer Rate (LIBOR). Pricing follows the same
convention as the fed funds futures, 100-index, with a contract unit of $2,500 x contract index. Tick size
was one-quarter of one basis point (0.0025 = $6.25 per contract) in the nearest expiring contract month
and one-half of one basis point (0.005 = $12.50 per contract) in all other contract months. Contracts
were quarterly listed, maturing during the months of March, June, September, or December, plus four
serial months and a spot month, extending out ten years. Contracts were settled in cash on the 2nd
London bank business day prior to the 3rd Wednesday of the contract month, and here we following the
timing convention of Nakamura and Steinsson (2018) in that new quarters begin on the 15th day of the
month of the preceding quarter (e.g., 2023:Q1 would begin on December 15, 2022). Convergence to a
final settlement price was forced by “randomly” polling twelve banks actively participating in the LIBOR
market during the last 90 minutes of trade and at close. Highest and lowest price quotes were dropped
and the arithmetic average of the remaining quotes determined final settlement.’

Eurodollar futures were one of the most actively traded futures contracts in the world as measured
by open interest. The extended duration of the contract, relative to fed funds futures, is the primary
benefit in identifying monetary policy. The duration at which the fed funds futures market liquidity
begins to dry up is where eurodollar futures were most heavily traded. Giirkaynak et al. (2007) confirm
that the combination of federal funds and eurodollar futures are the best financial instruments to predict
changes in the federal funds rate one year ahead.

We measure the change in eurodollar futures around monetary policy announcement in quarter g at
Ljy,t—At’
contracts, i.e. six-, nine-, and 12-months ahead. As before, the length of the high-frequency window, A¢,

time ¢ as: Aedf, = ed{m —ed where j =2,...,4 represent the 2nd, 3rd, and 4th expiring eurodollar
is such that ¢ indicates the time after the FOMC announcement and ¢ — At the time before. Because eu-
rodollar futures were discontinued in April 2023, monetary shocks series constructed from these futures

cannot be updated beyond this date.

30f course our use of quotation marks in “randomly” refers to the price fixing that had taken place in this market. This
contract has been successfully replaced by the CME with the Secured Overnight Financing Rate (SOFR), i.e. the cost to borrow
USD overnight using Treasury securities as collateral.



The last asset is the well known US Treasury securities that have maturities of one to 30 years and do
not require a thorough description. Because Hansen et al. (2019) and Hanson and Stein (2015) document
that Treasuries respond to monetary policy announcements with varying degrees of responsiveness de-
pending on the maturity, Treasuries are well suited to capture monetary surprises. Bu et al. (2021) use
the daily change in zero-coupon Treasury yields to construct a high-frequency monetary shock series.
The zero-coupon yields, as calculated by Giirkaynak et al. (2007)

(https:/ /www.federalreserve.gov/pubs/feds/2006/200628/200628abs.html), harmonize Treasury yields
of various maturities to reflect what the discount would be if the bonds did not make interest payments
until they mature. We measure the change in Treasury yields around each monetary policy announce-

ment s as ARg = Ri ;= Ri ;_a; Where j =1,...30 represents yields of maturities ranging from one to 30
years. The length of the window is At and ¢ is the time after the FOMC announcement and ¢ — At the

time before.

2.1 KUTTNER (2001), MPI Kuttner (2001) was one of the first to take advantage of the federal funds fu-
tures market to disentangle anticipated from unanticipated changes to the federal funds rate. For FOMC
announcement in month s, Kuttner (2001) uses the scaled change in the current month federal funds
futures (j = 1) unless the monetary policy announcement is in the final seven days of the month, then he

uses the unscaled next month federal funds futures (j = 2). Label this instrument as MP1 and in month

s we have,
—DS 1 1 ; s s
MPl.= Ds_ds(ffs,t_ffsyt_At) if D°-d*>7 0
=
e - ff 82 At otherwise

D? is the number of days in month s and d° is the day of the FOMC announcement. Kuttner (2001)
notes that because the settlement prices of the federal funds futures are based on the average of the
effective overnight federal funds rate in month s rather than the federal funds rate on a specific day, one
must correct for the time averaging and scale by the inverse of the share of days remaining in the month
after an FOMC announcement occurs. For this reason, A ff is scaled by D%Sds. Kuttner’s (2001) original
specification differed three ways from this paper: 1) he used a daily window so that t — A was the market
close the day before an announcement and ¢ was the close on the announcement day, 2) he switched to
the one-month ahead future if the FOMC announcement was in the final three days of the month, and
3) he included FOMC decisions back to the 1970s. In this paper we use the more popular 1) narrow 30-
minute time window put forth by Giirkaynak et al. (2005) where ¢ — At indexes the 10 minutes before and
FOMC announcement and ¢ indexes 20 minutes after, 2) seven day threshold for the switch to the next
month’s future, and 3) a sample that starts after the introduction of announcements of FOMC decisions
in February of 1994.*

Panels (4a) and (5a) show the MPI shock series from January 1995 to November 2023. Although
the MPI shock series has some of the largest negative shocks in our sample, it is close to zero through-

4Giirkaynak et al. (2005) advocate using an intraday frequency because a daily frequency may not be able to purge monetary
news from its non-monetary policy counterpart on days when there are both economic data releases and FOMC announce-
ments. Furthermore, because federal funds futures contain low-frequency risk premia, high-frequency changes can essentially
remove this potentially confounding element, as shown by Piazzesi and Swanson (2008).
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out both ELB periods. When the federal funds rate is at the ELB—as it was from December 16, 2008
to December 16, 2015 and again from March 15, 2020 to March 16, 2022—the FOMC has used date- or
threshold-based forward guidance to communicate expected liftoff [see Carlstrom and Jacobson (2013)
for an overview]. An expected liftoff date far into the future or macroeconomic indicators far from their
policy thresholds has resulted in market participants perceiving a change in the federal funds rate as
unlikely at the upcoming meeting. As a result, there may be either little trading in federal funds futures
contracts expiring in the current or next month, or no monetary news that surprises markets. For exam-
ple, panel 3 of table (2) shows that about 40 percent of ELB observations are 0 for the M P1 shock series
with no suitable trades for 2 out of 73 announcements at the ELB. Moreover, the magnitudes of these
shocks at the ELB are at a maximum of about five basis points.

With estimates of the M P1 shock series close to zero in the ELB periods, estimates of monetary trans-
mission may be quite small or imprecise, leading researchers to conclude that there is no effect of mon-
etary policy on the economy, as shown in Appendix figure (B.17). These findings could be potentially
problematic because other evidence such as the work by Swanson and Williams (2014) finds that mone-
tary policy can have an effect at the ELB, just through longer horizons than the very short horizons used
to calculate the M P1 shock series.

In light of these shortcomings, the M P1 shock series has the advantage of reducing bias from either
the so-called fed information effect or fed forward guidance, as noted by Paul (2020). Because either of
these features could be operating in the opposite direction of direct changes in the federal funds rate,

researchers concerned about contamination may find the M P1 shock series appealing.

2.2 NAKAMURA & STEINSSON (2018), NS Nakamura and Steinsson (2018) use the first principal com-
ponent of the financial instruments employed by Giirkaynak et al. (2005) (MPI1, MP2, ED2, ED3, ED4) to
identify monetary policy innovations. To exploit information beyond the immediate horizon, Giirkay-
nak et al. (2005) build off Kuttner’s (2001) work by creating composite measures of changes in interest
rate futures that span the first year of the term structure. They include Kuttner’s current-month surprise
MP1 along with the surprise for the next FOMC meeting M P2 and Eurodollar futures (ED2, ED3, ED4).
As before, t index the 20 minutes after an FOMC announcement and ¢ — At 10 minutes before, resulting
in a 30-minute time window.”

Specifically, the five Giirkaynak et al. (2005)/Nakamura and Steinsson (2018) futures are:

5Appendix A.1 shows that time windows are often larger than 30 minutes due to a lack of suitable trades exactly 10 minutes
before an FOMC announcement and 20 minutes after. In practice, we find that the lack of time window uniformity has little
material effect on shock construction.
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where MP1 is as before and captures the unexpected change in the federal funds futures contracts ex-
piring at the end of the month s of an FOMC announcement. M P2 captures the unexpected change in
federal funds futures that expire at the end of the month s’ which is the month of the next scheduled
FOMC meeting.® For example, let s =March 2014 then s'=April 2014. The next scheduled FOMC meeting
may be in the next month or as late as 3 months after the current announcement, as shown by column 1
of table (1). Column 2 shows that the futures used to calculate M P2 may be as far as 4 months after the
current announcement because of the convention of using the following month’s future when an FOMC
announcement is in the final seven days of a month. Overall, the table shows that most of the meetings
used to calculate M P2 are either one- or two-months ahead such that j = 2,3. As noted previously, lim-
ited trading in federal funds futures at horizons beyond four months has forced researchers to rely on
eurodollar futures to capture the remaining horizons of the first year of the term structure. Because eu-
rodollars are quarterly futures, g indexes the quarter of the current FOMC announcement. For example,
if g=2014:Q1, ed2, ed3, and ed4 in equations (3)-(5) represent contracts expiring in 2014:Q2, 2014:Q3,
and 2014:Q4, respectively.

Girkaynak et al. (2005) extract and rotate two factors—the target and path—from the five financial
time series that correspond to the level and slope of the yield curve and explain 80 and 15 percent of the
variation, respectively. By spanning market expectations for interest rates one year ahead, Giirkaynak
et al. (2005) quantify the effect of forward guidance and find that it can be more powerful than unan-
ticipated changes in the federal funds rate. More recent work by Swanson (2021, 2023) expands that of
Giirkaynak et al. (2005) by also including shocks to LSAPs as a policy instrument in addition to those for
the federal funds rate and forward guidance. While Swanson (2021) finds that the newer tools of forward
guidance and LSAPs are just as potent as the federal funds rate, Swanson (2023) argues that the federal
funds rate is the more powerful.

Although Giirkaynak et al. (2005) and Swanson (2021, 2023) rely on multiple rotated factors to capture

6Giirkaynak et al. (2005) explain that the equation for the futures at the next scheduled FOMC meeting s’ can be written as,

. S’ X/ S’
Nid s], .= %[Et [rg] + D,#,d[Et[rs/] + p2; where r; is the expected Federal Funds rate the current FOMC meeting and s’ is for the
next scheduled FOMC meeting and p2 is any risk premium. Differencing this equation by ¢ — At yields the expression in (2).



Next scheduled FOMC announcement

(1) (2)
Future Percent Number | Percent MP2 Number MP2
FF1 in current month 2.05% 5 0.41% 1
FF2 1-month ahead | 50.41% 123 23.77% 58
FF3 2-months ahead | 47.13% 115 73.77% 180
FF4 3-months ahead 0.41% 1 1.64% 4
FF5 4-months ahead 0% 0 0.41% 1
Total 244 244

Table 1: Months ahead of the next scheduled FOMC meeting.
Note: The next scheduled FOMC meeting occurs in the current month when an unscheduled meeting occurs before a schedule meeting as
happened in January 2008 when there was an unscheduled conference call on January 21st that announced an interest rate cut and a scheduled
announcement on January 30, 2008. 1-month ahead implies that the next scheduled meeting is the month following that of the current FOMC
meeting and 2-months ahead implies two months, etc. The futures used in M P2 (column 2) may differ because the following month’s future
is used if the FOMC announcement occurs in the final seven days of a month. For example, the announcement following the March 18, 2015
announcement is on April 29, 2015. Because April 29 is in the last seven days of April, FF3 instead of FF2 would be used to represent the next

month’s FOMC announcement.

different dimensions of monetary surprises, Nakamura and Steinsson (2018) use a single factor from the
same instrument set (MP1, MP2, ED2, ED3, ED4). Whether or not monetary policy has multiple dimen-
sions or can be summarized by a single series is debated [see Jarocinski (2023) and Acosta (2023) for ad-
ditional multi-dimensional examples]. Giirkaynak et al.’s (2005) multiple factors with suitable rotations
can identify the independent effects of each monetary policy tool which may be useful for researchers
studying the effects of forward guidance separate from that of the federal funds rate.

By contrast, Nakamura and Steinsson’s (2018) single series parsimoniously identifies the joint effects
of these tools which is more advantageous when working with larger more complicated monetary trans-
mission frameworks. We focus on the single series of the latter to simplify the comparison of shocks and
swapping exercises.

The fist principal component of the instrument set (MP1, MP2, ED2, ED3, ED4) explains about 80
percent of the variation. The estimated loadings are relatively equal which likely stems from all futures
in the instrument set having maturities of less than a year and moving in lock-step. Otherwise, one could
expect a particular instrument to be associated with a higher loading if its movements were typically
outliers relative to the others.

A final step in the construction of the NS shock series consists of re-scaling the first principal compo-
nent of equations (1)-(5) into interpretable units. Unlike the MPI shock series that is simply a percentage
point surprise in the federal funds rate, a principal component is not so straightforward. Following Naka-
mura and Steinsson (2018), we use the fitted value from the regression of the daily change in the one-year
zero-coupon Treasury yield on the first principal component.” The coefficients from this regression are

quite small with a value of about 0.02 for the slope and zero for the constant.

7See Appendix figure (A.15a) for comparisons of the NS shock series under different scaling assumptions. Because the shock
series have a correlation coefficient close to one, transmission estimates are largely unaffected by scaling choice. Appendix
figure (A.14a) shows that the correlation coefficient between the NS series and version constructed from real-time estimates is
also near perfect.



With a 0.8 correlation coefficient, the Nakamura and Steinsson (2018) shock series is similar to the
MP1 shock series, as shown in panels (4b) and (5b). However, the NS shock series is slightly smaller in
magnitude because it is a function of the entire sample, whereas MP1 depends only on contemporane-
ous values.

Like the MP1 shock series, the NS shock series is tightly distributed around zero throughout the
ELB periods. In contrast to the MP1 shock series where most ELB observations were 0, 78 percent of
the NS shock series observations are positive at the ELB, as shown in panel 2 of table (2). The principal
component analysis used to calculate the NS shock series can explain this difference. At the ELB, the
federal funds rate target range is 0 to 25 basis points with a lower limit of zero. The average effective

8 Therefore, the maximum downward
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federal funds rate is near the midpoint of this range or below.
surprise at the ELB is about 12.5 basis while upside surprises are not censored to the same degree.
Because principal component analysis is a linear combination of the underlying instrument set, and this
instrument set is left-censored, it is not surprising that there is a rightward shift from zero observed in
the distribution of the NS shock series at the ELB.

Given that the Federal Reserve has deployed record monetary stimulus at the ELB, what is the inter-
pretation of the 78 percent positive observations of the NS shock series? One could interpret unantici-
pated contractionary monetary news as markets expecting a larger stimulus than what was announced
or implemented. Vissing-Jorgensen and Krishnamurthy (2011) note that the LSAP program known as
"QEII" announced on November 3, 2010 was about $150 billion less than market expectations. However,

it is unlikely that the market was expecting larger stimulus in nearly four out of five announcements.

2.3 GERTLER & KARADI (2015), FF4 Gertler and Karadi (2015) find that the three-month ahead federal
funds futures, FF4, perform strongly as an external instrument in VAR analysis over the January 1991 to
June 2012 period. As before, ¢ index the 20 minutes after an FOMC announcement and ¢ —At 10 minutes

before, resulting in a 30-minute time window.

A= ffoi— fTain 6)

For example, if FOMC meeting in month s is March 2014, FF4 is the expected federal funds rate at the
end of June 2014. In contrast to the construction of the MP1 and NS shock series, Gertler and Karadi
(2015) do not scale the FF4 shock series by D°/(D?® — d*). Because they use the FF4 shock series as an

external instrument in a monthly VAR, they instead use a moving average representation.'® We report

8In contrast to other central banks that have had a negative policy rate, it is unclear if it would be legal for the fed-
eral funds rate to be negative. Former Fed Chair Janet Yellen explained in her 2016 Congressional testimony that, "I would
say that [a negative federal funds rate] remains a question that we still would need to investigate more thoroughly." See
https://www.govinfo.gov/content/pkg/ CHRG-114hhrg23566/html/CHRG-114hhrg23566.htm.

9Because it may be optimal for central banks to smooth interest rate increases to safeguard financial stability, upside sur-
prises are not indefinitely large. See Smith and van Egteren (2005).

10 1 footnote 11 they explain, “First, for each day of the month, we cumulate the surprises on any FOMC days during the last
31 days (e.g., on February 15, we cumulate all the FOMC day surprises since January 15), and, second, we average these monthly
surprises across each day of the month. Or, equivalently, we can first create a cumulative daily surprise series by cumulating all
FOMC day surprises (similarly as was done by Romer and Romer (2004) and Barakchian and Crowe (2013)), then, second, we
can take monthly averages of these series, and, third, obtain monthly average surprises as the first difference of this series."
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the unscaled version of the FF4 shock series because the scaled version has been shown by Ramey (2016)
and Miranda-Agrippino and Ricco (2021) to induce predictability and serial correlation. The scaled and
unscaled versions have a correlation coefficient close to 1, suggesting that they are indeed quite similar.

Because the three-month ahead horizon of FF4 covers the next scheduled FOMC announcement as
shown by table (1), the FF4 shock series can be interpreted as capturing the effects of both federal funds
rate decisions and forward guidance in a single instrument. Figure (1) shows how FF4 covers the next
FOMC announcement and can cover up to three FOMC announcements which table (1) shows is the
case 10 percent of the time. Furthermore, table (1) shows that FF4 is occasionally used in the calculation
of M P2 and therefore contained in the NS instrument set.

Jun. 30, 2014 Jul. 31, 2014 Aug. 31, 2014 Sep. 30, 2014
FF1 FF2 FF3 FF4
: S % o % S !
Jun. 17 Anno\uncement Jul. 30 Announcement Sep. 17 Announcergent

~
FF4 coverage

Figure 1: Timing of futures and FOMC announcements

Panels (4c) and (5c) show that the FF4 shock series is similar to the MP1 and NS shock series. Al-
though the distribution of the FF4 shock series similarly narrows at the ELB, it is more centered at zero
than the NS shock series. In fact, panel 3 of table (2) shows that 45 percent of the FF4 shock observations
are zero at the ELB and another 27 percent are positive, which is much less than the 78 percent positive
observations of the NS shock. Even though the FF4 shock series avoids suggesting more contractionary
monetary news than expected in a time of record stimulus, the preponderance of zero observations at
the ELB suggests that FF4 may still struggle to capture monetary policy actions at the ELB.

Panel 1 of table (2) shows that the previously discussed shock series—MP1, NS, FF4—are tightly cor-
related with correlation coefficients ranging from about 0.8 to above 0.9. This tight correlation is not
surprising given that they are all calculated over the same high-frequency intervals and rely on futures
with maturities of year or less. Moreover, sometimes these series even use the same underlying data,
which is especially true for MP1 in the NS instrument set. Panel 2 of table (2) also shows that despite
their high correlation, only the raw data shock series of MP1 and FF4 frequently have the same sign.
The NS shock series only has the same sign as these raw data shock series for about two-thirds of ob-
servations. As we document later, researchers interchanging these shocks may sometimes find that they

lead to different estimates of monetary policy transmission despite appearing quite similar.

2.4 Bu, ROGERS, & WU (2021), BRW Buetal. (2021) note the following two shortcomings of the pre-
viously discussed high-frequency monetary shock series constructed from futures with maturities of one
year or less. First, obtaining futures data at an intraday frequency can be difficult and second, shorter
maturities may be less suited to capturing policies deployed at the ELB to affect longer maturity assets.
By constructing monetary shock series from changes in daily Treasuries yields that span the full one-

to 30-year term structure, Bu et al. (2021) overcome these challenges.!! While intraday data assure the

Hgeries BRW_fomc of spreadsheet brw-shock-series. csv https://www.federalreserve.gov/econres/feds/files/brw-shock-
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crispest separation of monetary news from its non-monetary counterpart, daily data like that originally
used by Kuttner (2001) may only be problematic on all but a few FOMC meetings as explained by Giirkay-
nak et al. (2005). However, because Nakamura and Steinsson (2018) find that changes in long-term in-
terest rates can be confounded by background noise when used at daily frequency, Bu et al. (2021) use a
Rigobon (2003) heteroskedasticity-based estimator in shock construction to avoid overstating statistical
precision. Finally, we note that daily data have the advantage of uniform time windows throughout the
sample. Appendix A.1 shows that intraday time windows bracketing FOMC announcements can often
be larger than 30 minutes when there is a shortage of suitable trades.

Not only is the BRW shock series constructed from different underlying data, it also relies on a dif-
ferent method than the three shock series previously discussed. The Fama and MacBeth (1973) two-
step regression extracts unobserved monetary policy shocks Ais from the common component of the
change in zero-coupon yields ARg . The first step estimates the average responsiveness of each maturity
j=1,...,30 on days of FOMC announcements s. The second step obtains repeated cross-sectional esti-
mates for each FOMC announcement by regressing the daily change in maturities one to 30 onto the first
step’s average responsiveness coefficients for maturities one to 30. The resulting second step coefficients
are the BRW monetary shock series. Note the slight change in notation in that regression coefficients

will have maturity j as a subscript instead of a superscript.

1. Estimate responsiveness of zero-coupon yields AR] with maturities j = 1,..., J to policy indicator
Aig for monetary policy announcement s via time-series regressions. For maturities j = 1,...30

years there will be 30 regressions.

AR! =a; + B Ais+e!

AR?O =a30 + ,BgoAis +€§0

This implementation assumes Ai; is one-to-one with a particular tenure of interest rate. Bu et al.
(2021) choose the 2-year constant maturity Treasury yield AR?. For each maturity j = 1,... ], the

above expression can be written as:

AR =0;+ ;AR +el - pjes (7)
———
él
The endogeneity arising from corr(ARf g g) > 0 stems from S j€§ being part of ¢ ﬁ and can be recon-
ciled with IV or the heteroskedasticity-based estimator of Rigobon (2003). The time-series regres-
sions instrument Ai; with (—1) x Ais_7, the negative change in the chosen policy indicator seven

days before FOMC announcement s. Using (—1) x Ais_7 as an instrument should cancel out the

B je§ that would exist in any given day without monetary policy news.

2. Recover monetary policy shock Ais from s = 1,..., T repeated cross-sectional regressions of AR/

series.csv
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on the responsiveness index ﬁ j for each FOMC announcement s estimated in step 1.

AR! = aj+AisBj+ vl, s=1,.,T FOMC announcements 8)

3. Re-scale the shock series by the assumed normalization in step 1, i.e. the daily change in the 2-year

constant maturity Treasury yield in the original formulation.

In contrast to the other high-frequency monetary shock series previously described, panels (4d) and
(5d) show that the distribution of the BRW shocks is similar across ELB and non-ELB periods. Further-
more, panel 3 of table (2) shows that shock estimates are never zero throughout the ELB period and about
64 percent are negative. The largest negative observations occurred when the Federal Reserve extended
or announced LSAP programs in March 2009 and March 2020, respectively. Both data and methods ac-
count for the BRW shock series being mostly negative at the ELB with a distribution that is comparable

to the non-ELB episodes.

1) 2) 3)
Correlation Coefficient Same Sign, % Sign at the ELB, %
Shock | MPI NS FF4 BRW | MPI NS  FF4 BRW | zero negative positive
MPI 1.00 100% 49% 28% 23%
NS 0.78 1.00 48% 100% 0% 22% 78%
FF4 0.8 0.92 1.00 59% 66% 100% 45% 27% 27%
BRW | 029 051 044 1.00| 43% 67% 54% 100% 0% 64% 36%

Table 2: Statistics of various shock series.

MP1, NS, FF4, and BRW are high-frequency monetary shock series. The three panels display their 1) correlation coefficient,
2) percentage of occurrences when the shocks have the same sign, and 3) percentage of occurrences when they are either equal
to zero, positive, or negative during the ELB episodes which are defined from December 16, 2008 to December 16, 2015 and
March 15, 2020 to March 16, 2022. MP1 is the 30-minute change around an FOMC announcement in the current month’s
federal funds future if the FOMC announcement is in the first 23 days of the month with an adjustment or the next month’s
federal funds future if the FOMC announcement within the last seven days of the month. FF4 is the change in the three-
month ahead federal funds futures within 30-minutes of an FOMC announcement. NS is the first principal component of the
instrument set {MP1, MP2, ED2, ED3, ED4} which is the 30-minute change in these futures around an FOMC announcement.

BRW is a Fama-MacBeth regression of the daily change in one- to 30-year constant maturity Treasury yields.

Because forward guidance and LSAPs affect maturities longer than the one-year horizon of the NS
instrument set, shocks constructed from data with maturities up to 30 years should intuitively better
capture the effects of these policies. However, including data on longer maturities may be insufficient
as these data may be unresponsive to monetary policy on average. Figure (2a) shows the responsive-
ness coefficients from the first step of the Fama-MacBeth regression given by equation (7). On average,
Treasuries with relatively shorter maturities are more responsive to changes in the two-year Treasury on
FOMC announcement days. In fact, Treasuries with maturities beyond 15 years do not have a statisti-
cally significant average responsiveness. For this reason, simply including longer term rates in the NS
instrument set may not materially change the shock series.

If long-term data alone cannot account for the differences in monetary shock series, what is the role
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(a) Average responsiveness of the BRW data to 2-year
Treasuries, full sample
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Average Response during ELB periods
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Shaded Bands Represent 95% Confidence Intervals

(b) Average responsiveness of the BRW data to 2-year
Treasuries, ELB and non-ELB samples
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(c) Second-step Fama-MacBeth for Mar. 16, 2016,
Ai=-0.08

T T T T T T
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Average responsiveness of 1 to 30 yr. Treasuries to the 2-year Treasury
« longer maturities shorter maturities —

(d) Second-step Fama-MacBeth for Aug. 9, 2011,
Ai=-0.05

Figure 2: Construction of the Bu et al. (2021) shock series.

Panels (a) and (b) show estimates {ﬁ j}‘;’.gl from equation (7), ARi =0 it B | AR? + d for maturities j = 1,...,30 years are obtained
by regressing daily changes in zero-coupon Treasury yields from maturities j = 1,...,30 on the daily change in the constant
maturity two-year Treasury. Estimates are obtained via OLS with robust standard errors. Because response variables are zero-
coupon and the independent variable is constant maturity, the coefficient ,32 for the two-year will be close to one, but not
exactly. The effective lower bound of the federal funds rate (ELB) is defined as defined as December 16, 2008 to December 16,
2015 and March 15, 2020 to March 16, 2022. Panels (c) and (d) show the second step of the BRW Fama-MacBeth regression in
equation (8), ARi =aj+Ai i i+ vi where s =March 16, 2016 and August 9, 2011, respectively. The x-axis in panels (c) and (d)
is {ﬁ J'}E;‘gl’ the coefficient estimates from the first-step in equation (7) for one- to 30-year maturities plotted in panels (a) and
(b). B close to 1 are short-term yields and 3 ; close 0 are long-term yields. The y-axis in panels (c) and (d) is the daily change in
}3;2

zero-coupon Treasury yields {AR£ 1 for maturities j = 1,...,30 years. The estimated linear fit Af; is the monetary shock.

of methods? By relying on the differential responsiveness of short- and long-term Treasuries, the Fama-
MacBeth regression can still exploit information from long-term rates despite their overall average low
responsiveness shown in panel (2a). The second step of the method projects the change in Treasuries
for each maturity on the day of an FOMC announcement onto their average responsiveness shown in

figure (2a). If the changes across all maturities on FOMC announcement day s were equal such that
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ARg = ARg 1 for all maturities j + 1, then the estimated monetary shock Ai s from equation (8) would be
equal to zero. On the other hand, if the change in all maturities equaled their average responsiveness, i.e.
ARi = ,3 j for all maturities j, then Al = 1. A more practical example than either of these two extremes
would be one like that shown in panel (2c) where the change in long-term rates is close to zero, but
short-term rates fall. The BRW Fama-MacBeth method would then estimate a negative shock Ais < 0
even though long rates are little changed.

Furthermore, identifying monetary shocks via the differential responsiveness of short- and long-term
rates is particularly useful when the federal funds rate is at the ELB. Although short rates may be rel-
atively unchanged due to forward guidance communicating no expected change in the federal funds
rate, medium- to long-term rates may still be adjusting, especially since forward guidance and LSAPs
may be targeting these rates. In fact, panel (2b) shows that medium-term rates became relatively more
responsive at the ELB changing more than one-for-one relative to a change in the two-year rate. Panel
(2d) confirms these differential changes by showing a particular FOMC announcement where long-term
rates drop by more than short-term rates and medium-term rates are the most responsive. With roughly
a -0.03 percentage point change, the one-year Treasury is the least responsive on this particular FOMC
announcement during an ELB episode.

Appendix figures (A.14b) and (A.15b) show that the BRW shock is tightly correlated with versions

constructed from real-time estimates and different normalizations, respectively.

2.5 SHOCK SWAPPING To confirm that both data and methods drive the differences in the BRW shock
series relative to the other shocks series studied, we follow Bu et al. (2021) and swap data and methods
of the NS and BRW shock series.

Panels (4e) and (5e) show that using the NS data—changes in five interest rate futures with maturities
of ayear or less—in the BRW Fama-MacBeth method produces shocks with distributions that are similar
in the ELB and non-ELB periods. Because the shocks based on raw data or principal component analysis
have distributions that narrow at the ELB, these findings suggest that the Fama-MacBeth method may
be better suited at detecting changes in monetary policy at the ELB. In support of these findings, figure
(3) shows the average responsiveness of the five NS interest rate futures to the two-year Treasury on
FOMC days is not significantly different in ELB episodes relative to non-ELB episodes. We do note that
the responsiveness of the instruments with the shortest maturities—MP1 and M P2—is relatively lower
in ELB episodes.

Although figure (3) supports the findings of Swanson and Williams (2014) that monetary policy can
still have effects at the ELB, panels (4e) and (5e) show that the magnitudes of the shock series constructed
from NS data with the BRW method are smaller than the other shocks studied. These relatively lower
magnitudes likely stem from the differential variation among maturities of only one year or less being
smaller than the differential variation of maturities ranging from one to 30 years as used in the standard
construction of the BRW shock series.

Panels (4f) and (5f) show that using the BRW data—changes in one to 30 year Treasury yields—with
the NS principal component analysis results in shock series that are not as small in magnitude as the

other swapped shock series shown in panels (4e) and (5e). Like the NS shocks, these swapped shocks
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Figure 3: Average responsiveness of the NS data to 2-Year Treasuries.

Estimates f3 j from equation (7), but with the NS instrument set {MP1, MP2, ED2, ED3, ED4} regressed on the daily change
in the constant maturity two-year Treasury. Estimates are obtained via OLS with robust standard errors. The effective lower
bound of the federal funds rate (ELB) is defined as defined as December 16, 2008 to December 16, 2015 and March 15, 2020 to
March 16, 2022.

also have a positive mass during the ELB periods. Because the principal component analysis is a linear
combination of the underlying instruments, it will prescribe positive shock if all rates rise in response
to the monetary policy announcement. Because Fama-MacBeth regression calculates the differential

variation across underlying instruments, it may not always prescribe a positive shock if all rates rise.

2.6 PREDICTABILITY  Because commonly used monetary shock series have been shown to be pre-
dictable and hence not entirely exogenous, we include in our discussion of shock construction pre-
dictability tests standard in the literature. Karnaukh and Vokata (2022), Sastry (2021), and Bauer and
Swanson (2023) have shown that the NS shocks series is predictable by observables in the form of eco-
nomic news, and Bu et al. (2021) confirm that the BRW shocks series is not. We find that shocks con-
structed from federal funds futures are the most likely to be predictable by economic news.

Standard tests assess if monetary shocks 81; can be predicted by economic news. Let T index months
and t higher frequencies. Following the literature, e’; is aggregated to a monthly frequency by summation,
eiT = Ztei.

el =a+pnewst +er )

news variable k = { Blue-Chip GDP revisions, Non-farm payrolls, ADS index, Brave et. al Index

shock i = { MP1, FF4, NS, BRW, NS~ Swap, BRW — Swap

Figure (6) shows the predictability coefficients f estimated from equation (9) for various measures
of economic news along with their 95% confidence intervals. A monetary shocks series is predicted by
pre-existing economic news and is therefore not entirely exogenous to underlying economic conditions
when confidence intervals do not encompass zero. Figure (6) shows that predictably is most strongly
associated with the NS shock series. The underlying instrument set can account for this finding, partic-

ularly the eurodollar futures that are only used in the construction of shock series based on the NS data.
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Figure 4: Time series of monetary shock series, January 1995 to November 2023.

MP1 is the 30-minute change around an FOMC announcement in the current month’s federal funds future if the FOMC an-
nouncement is in the first 23 days of the month with an adjustment or the next month’s federal funds future if the FOMC an-
nouncement is within the last seven days of the month. FF4 is the change in the three-month ahead federal funds futures within
30-minutes of an FOMC announcement. NS is the first principal component of the instrument set {MP1, MP2, ED2, ED3, ED4}
which is the 30-minute change in these futures around an FOMC announcement. BRW is a Fama-MacBeth regression of the
daily change in one- to 30-year constant maturity Treasury yields. BRW method / N'S data is a Fama-MacBeth regression of the
NS data. NS method/BRW data is the first principal component of the BRW data. Series relying on the NS data end in March
2023 due to the discontinuation of Eurodollar data.
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Figure 5: Distributions of monetary shock series, January 1995 to November 2023

MP1 is the 30-minute change around an FOMC announcement in the current month’s federal funds future if the FOMC an-
nouncement is in the first 23 days of the month with an adjustment or the next month’s federal funds future if the FOMC an-
nouncement is within the last seven days of the month. FF4 is the change in the three-month ahead federal funds futures within
30-minutes of an FOMC announcement. NS is the first principal component of the instrument set {MP1, MP2, ED2, ED3, ED4}
which is the 30-minute change in these futures around an FOMC announcement. BRW a the Fama-MacBeth regression of the
daily change in one- to 30-year constant maturity Treasury yields. BRW method / NS data is a Fama-MacBeth regression of the
NS data. NS method/BRW data is the first principal component of the BRW data. Series relying on the NS data end in March
2023 due to the discontinuation of eurodollar data. The ELB is defined as December 16, 2008 to December 16, 2015 and March
15, 2020 to March 16, 2022.
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Figure 6: Predictability coefficients with 95% confidence intervals.

Estimate of § in equation (9) s’; =a+ ﬁnews’; + e are obtained via OLS with robust standard errors that are similar when

bootstrapped. The sample is from January 1995 to November 2023, excludes the second quarter of 2020, and ends in March
2023 for shock series relying on the NS data due to the discontinuation of eurodollar. See Appendix Figure (A.16) for results
over additional subsamples and with different controls. For the specification using the Blue Chip GDP revisions, we follow
Bauer and Swanson (2023) and exclude observations where the FOMC announcement is in the first three business days of
the month from 1995 to December 2000 and the first two business days thereafter to ensure that the Blue Chip Survey was
completed prior to the FOMC announcement. Blue Chip GDP revisions are the monthly revision of one-quarter ahead GDP
growth forecasts. The specification using non-farm payrolls assures that the FOMC meeting is after the FOMC release which is
typically the first Friday of every month. Non-farm payrolls are the monthly change in the nonfarm payrolls release. The ADS
Index is the Aruoba et al. (2009) business conditions index. The BKK index is the Brave et al. (2019) Big Data index. M P1 is the
30-minute change around an FOMC announcement in the current month’s federal funds future if the FOMC announcement
is in the first 23 days of the month with an adjustment or the next month’s federal funds future if the FOMC announcement is
within the last seven days of the month. FF4 is the change in the three-month ahead federal funds futures within 30-minutes of
an FOMC announcement. NS is the first principal component of the instrument set {MP1, MP2, ED2, ED3, ED4} which is the
30-minute change in these futures around an FOMC announcement. BRW is a Fama-MacBeth regression of the daily change
in one- to 30-year constant maturity Treasury yields. BRW method / NS data is a Fama-MacBeth regression of the NS data.
NS method/BRW data is the first principal component of the BRW data.

Karnaukh and Vokata (2022) find that eurodollar futures tend to be more predictable than short-term fed
funds futures. For this reason, the MP1 and FF4 shock series are less likely to be predictable than the
NS shock series. In fact, only those shock series constructed from short-term futures—MP1, FF4, NS,
and the NS data swapped shock series—have any statistically significant predictability coefficients.

Finally, figure (6) confirms that shock series constructed from long-term interest rates—the BRW
shock series and its swapped counterpart constructed from the NS principal component method—are
unpredictable according to several standard tests in the literature. Because the swapped shock series
with the BRW data is also unpredictable, including long-term rates in shock construction may help as-
sure that high-frequency series are indeed controlling for all available pre-existing information. How-
ever, the shocks constructed only from fed funds futures—the MP1 and FF4 shock series—are only
marginally predictable suggesting that predictability is most strongly associated with series constructed
from the NS data.

See Appendix figure (A.16) for additional results over different sub-samples.
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3 MONETARY TRANSMISSION

After discussing the construction of shocks and some of their basic properties, we now explore how data
and methods affect estimates of the transmission of monetary policy. We find that differences in mone-
tary shock series are more likely to affect monetary transmission estimates from specifications that rely
on forecast revisions than those from local projections or VARs. The BRW shocks series constructed from
longer-term rates and the Fama-MacBeth method delivers transmission estimates that are the same sign
as theoretical predictions in all specifications studied. By contrast, the shocks constructed from futures
with maturities of one year or less tend have opposite-signed transmission estimates in the forecast re-
vision specification and conventionally-signed responses in the local projections or VAR specifications.
Among these shocks constructed from futures with maturities of one year or less, transmission estimates

using the M P1 shock series are the closest to have the same sign across all specifications.

3.1 FORECAST REVISION SPECIFICATION  The monetary transmission specification of Campbell et al.
(2012) and Nakamura and Steinsson (2018) estimate the response of monthly Blue Chip GDP forecast
revisions to high-frequency monetary shocks. Let T index months and ¢ higher frequencies. Following

the literature, e’; is aggregated to a monthly frequency by summation, eiT = Zte’;.

Blue Chip GDP Revisions; = a + e’ + er (10)

Equation (10) can be estimated via OLS because the dependent and independent variables are not
simultaneously determined. If the change in actual GDP were used instead of the change in expected
GDB the response and independent variables would be simultaneously determined. Because quarterly
GDP statistics are the accumulation of economic output over three months, it is impossible to disentan-
gle the output produced before an FOMC announcement—and hence pre-determined at the time of the
announcement—from the output produced after the announcement. By contrast a monthly series of
GDP forecast revisions side-steps simultaneous determination by subtracting forecasts made before the
announcement from those made after. The resulting forecast revision brackets the FOMC announce-
ment and can estimate the effect of policy on perceptions about economy activity. In fact, researchers
exclude monetary shock observations in the first several business days of the month to ensure that the
Blue Chip survey was completed prior to an FOMC announcement (see Appendix B for more details).

The coefficient ﬁ from equation (10) estimates monetary transmission and is shown in figure (7)
along with 95% confidence intervals for the six high-frequency shocks studied in this paper. Although
New Keynesian theory predicts that the response of GDP to a contractionary monetary shock should
be significant and negative, figure (7) show that this is not the case for all shock series. Estimates of
monetary transmission are positive and significant for the standard shocks based on short-term interest
rate futures—the MP1, FF4, and NS shock series. Campbell et al. (2012) and Nakamura and Steinsson
(2018) account for these opposite-signed responses as an information mismatch between the central
bank and private agents. This so-called “Fed information" effect argues that opposite-signed responses
arise from the more informed central bank using announcements to signal information to private agents

about the underlying economy.
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Figure 7: Forecast revision coefficients and 95% confidence intervals

Estimates of § in equation (10) Blue Chip GDP Revisionst = a + ﬁEi + e are obtained via OLS. The robust standard errors are
similar when bootstrapped. The full sample is from January 1995 to November 2023 for all shocks except for those relying
on NS data which end in March 2023 due to the discontinuation of eurodollar data. The NS sample is from January 1995 to
August 2015. Following Bauer and Swanson (2023), we exclude observations where the FOMC announcement is in the first
three business days of the month from 1995 to December 2000 and the first two business days thereafter to ensure that the
Blue Chip Survey was completed prior to the FOMC announcement. See Appendix Figure (B.17) for results over additional
subsamples and with different controls. M P1 is the 30-minute change around an FOMC announcement in the current month’s
federal funds future if the FOMC announcement is in the first 23 days of the month with an adjustment or the next month’s
federal funds future if the FOMC announcement is within the last seven days of the month. FF4 is the change in the three-
month ahead federal funds futures within 30-minutes of an FOMC announcement. NS is the first principal component of the
instrument set {MP1, M P2, ED2, ED3, ED4} which is the 30-minute change in these futures around an FOMC announcement.
BRW is a Fama-MacBeth regression of the daily change in one- to 30-year constant maturity Treasury yields. BRW method /
NS data is a Fama-MacBeth regression of the NS data. NS method/BRW data is the first principal component of the BRW
data.

The BRW and the swapped shock series do not produce statistically significant responses suggest-
ing that the opposite-signed response is only found in a subset of shock series. Bu et al. (2021) attribute
the lack of opposite-signed response in their shock series to a combination of longer-term rates and
methods. Because Hansen et al. (2019) show that there is a differential effect of the Fed information ef-
fect on short- and long-term rates, adding long-term rates to the construction of monetary shock series
can offset the information effect found in short-term rates. However, any information effect in short-
term rates is unlikely to be offset in principal component analysis because the procedure extracts linear
combinations of the underlying instruments and hence will preserve any information effect in the un-
derlying data. By contrast, by extracting the differential responsiveness of short- and long-term rates, a
Fama-MacBeth regression is more suited to offsetting information effects in short rates.

Even though the BRW shock series is the only series of the four main shocks that does not result
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in a positive and significant opposite-signed response, we note that the MP1 shock series of Kuttner
(2001) is only on the margin of significance and is not statistically significant in the original NS sample
from 1995 to 2015. Appendix figure (B.17) confirms the findings of marginal significance across samples
and controls. For researchers concerned that an opposite-signed response in a shock series indicates
contamination from Federal Reserve information signaling, we argue that the M P1 shock series may be
an alternative to the NS shock series. Although additional procedures to the NS shock series can purge

these information effects, M P1 offers the advantage of simple construction from raw data.'?

3.2 DaILY LOoCAL PROJECTIONS  Although the information mismatch between central banks and pri-
vate agents can account for opposite-signed responses of monetary transmission estimates, Jacobson et
al. (2022) present the information mismatch between economic modelers and private agents as a com-
plementary explanation. When response variables are observed at a lower frequency than explanatory
variables—as is the case with most macroeconomic response variables—temporal aggregation bias can
affect transmission estimates. Jacobson et al. (2022) show that time aggregated data can lead to earlier
arriving response coefficients being magnified relative to their later arriving counterparts. When us-
ing the daily inflation series from the Billion Prices Project [Cavallo and Rigobon (2016)] as a response
variable instead of the monthly official CPI, Jacobson et al. (2022) find that initial positive response coef-
ficients are indeed magnified relative to later arriving negative coefficients. After all, the opposite-signed
positive response is quite temporary, if detected at all, when the data frequencies of explanatory and re-
sponse variables are better matched. Additionally, a specification with matched data frequencies does
not require researchers to discard FOMC announcements that occur early in the month as is necessary
for identification when data from the Blue Chip survey are used as a response variable.

After showing that the daily inflation series decently approximates the official CPI, Jacobson et al.
(2022) compute local projections and find conventionally-signed responses with only a short-lived initial

adverse response. Their local projection for day ¢ + h is the following,

Tisn = +PBumei+Tayze+el®, e~ H(0,00) (11)

Where 7., is daily inflation at day ¢ + h calculated as the 30-day percentage change, z; is the vector
of controls which are the 30 lags of daily inflation, and 8§ is one of the six monetary shock series studied
in this paper. Estimates are obtained from the Canova and Ferroni (2022) toolbox using instrumental
variables with robust heteroskedasticity and autocorrelation consistent (HAC) standard errors reported

at 90 percent error bands.

12Three examples of rigorous procedures to purge monetary shocks from contamination are works by Miranda-Agrippino
and Ricco (2021), Jarocinski and Karadi (2020), and Bauer and Swanson (2022). First, Miranda-Agrippino and Ricco (2021)
prescribe projecting monetary shock series onto their lags and Federal Reserve Green Book forecasts to control for the fact
that shock series and forecasts are correlated. Secondly, Jarocinski and Karadi (2020) exploit the co-movement of stock prices
and interest rates to disentangle information shocks from pure monetary shocks. Finally, Bauer and Swanson (2022) prescribe
orthogonalizing monetary shock series relative to economic and financial series that are predated and correlated with the
monetary shock series.
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Figure 8: Impulse response functions of local projections to a 1 percentage point monetary shock, x-axis
is days and y-axis is percentage points.

Estimates ofﬁ(h) inequation (11) 7,4.p, = a(p) +ﬁ(h)£’;+l“(h) zﬁe%m, e(th) ~ A (0,0(y,) are obtained via the Canova and Ferroni
(2022) toolbox with robust heteroskedasticity and autocorrelation consistent (HAC) standard errors reported at 90 percent error
bands. The daily inflation series 7 is the 30-day percentage change of the Billion Prices Project daily price index which is
publicly available from July 2008 to August 2015 via Cavallo and Rigobon (2016). All monetary shock series shown are calculated
over the January 1995 to August 2015 sub-sample instead of the full 1995 to 2023 sample. M P1 is the 30-minute change around
an FOMC announcement in the current month’s federal funds future if the FOMC announcement is in the first 23 days of the
month with an adjustment or the next month’s federal funds future if the FOMC announcement is within the last seven days of
the month. FF4 is the change in the three-month ahead federal funds futures within 30-minutes of an FOMC announcement.
NS is the first principal component of the instrument set {MP1, MP2, ED2, ED3, E D4} which is the 30-minute change in these
futures around an FOMC announcement. BRW is a Fama-MacBeth regression of the daily change in one- to 30-year constant
maturity Treasury yields. BRW method / NS data is a Fama-MacBeth regression of the NS data. NS method/BRW data is the

first principal component of the BRW data.
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Figure (8) shows the estimated impulse response functions ﬁ(h) of the daily inflation index to a one-
standard deviation contractionary monetary shock for each of the six high-frequency series constructed
in this paper. The impulse responses to all four constructed monetary shock series estimate statistically
significant conventionally-signed responses. If there is an opposite-signed response, it is short-lived and
ambiguous. In the daily local projections specification with matched frequencies of explanatory and
response variables, neither data nor methods seem to imply much difference in the sign of the estimates.
This finding contrasts with that of the forecast revision specification in section 3.1, where both data and
methods drove differences in estimates of monetary transmission.

Panels (8a) and (8b) repeat the main exercise of Jacobson et al. (2022) and show that the responses
of daily inflation to the NS and BRW shock series are both conventionally-signed. Even though the
transmission estimates of the forecast revision specification in section 3.1 are positive and significant
for the NS shock series, the local projection estimates are negative—and hence conventionally-signed—
for a majority of the 60-day response horizon shown. The only positive—and hence opposite-signed
response—is short-lived lasting about 10 days before turning negative. About 30 days after the initial
impulse, the response is negative and significant. In fact, the estimated response coefficients with a neg-
ative sign are the only estimates that are statistically significant. When using the BRW shock series, the
impulse responses are unambiguously negative about 60-days after a contractionary monetary shock.
Unlike the NS shocks series, there are almost no estimated opposite-signed impulse response coeffi-
cients from the BRW shock series. The positive responses of the BRW shocks series are consistent with
those of the forecast revision specification in section 3.1.

The responses of daily inflation to the MP1 and FF4 shock series shown in panels (8c) and (8d),
respectively, are much like the response to the NS shock series in panel (8a), which is not surprising
given their tight correlation. All three responses are negative and significant about 30 days after the initial
impulse, a contrast to the forecast revision specification in section 3.1 which estimated an opposite-
signed response. While the transmission estimate of the M P1 shock series was on the margin of positive
statistical significance in the forecast revision specification, it is unambiguously negatively-signed in the
daily local projections specification.

Turning to the swapped shock series, the BRW method with the NS data shown in panel (8e) is the
only series among the six studied in this paper that has a significant opposite-signed response. These
shocks are the smallest in magnitude so any large swing in inflation will be ascribed to a relatively tiny
impulse and result in a statistically significant response coefficient. For this reason, the shock series
constructed from the BRW method with the NS data likely estimates a larger initial positive impulse
response than the NS shock series constructed from its standard principal component analysis method
shown in panel (8a).

Because shock series constructed from short-term rates shown in panels (8a), (8c)-(8e) all detect an
initial positive impulse response, it may be tempting to ascribe opposite-signed responses to short-term
rates. However, the point estimates of the impulse responses of the swapped shock series constructed
from the NS method with BRW data shown in panel (8f) are similar to those constructed with the stan-

dard NS data and methods shown in panel (8a). Methods must therefore also play a role in the similarity
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of coefficients observed in panels (8a),(8c)-(8d), and (8f). In the case of the swapped shock series with
the NS method and BRW data shown in panel (8f), the error bands are wider resulting in no statisti-
cally significant response from zero. Because the distribution of the swapped series is larger than that of
the NS series over the 2008 to 2015 period, it is likely that the additional variation leads to less precise
estimates.

Overall, differences in estimates of monetary transmission from local projections with matched fre-
quencies of explanatory and response variables matter less than in the forecast revision specification
with mismatched frequencies. Both data and methods account for this finding as the point estimates are
quite similar for 1) the NS shock series relying on short-term futures and principal component analysis,
2) the MP1 and FF4 shock series relying on short-term futures, and 3) the long-term BRW data in the

principal component analysis.

3.3 VECTOR AUTOREGRESSION In addition to specifications relying on forecast revisions or local pro-
jections, the effect of monetary policy on the macroeconomy is frequently estimated via a structural vec-
tor autoregression framework at a monthly frequency by using high-frequency monetary policy shocks
as external instruments. Relative to the previous two specifications studied, the VAR specification has
disadvantages and advantages. Unlike the daily local projection specification, VAR specifications typ-
ically have mismatched data frequencies in the form of high-frequency shocks and low-frequency re-
sponse variables. On the other hand, the VAR specification has the advantage of allowing for feedback
between multiple macroeconomic variables as co-movements of variables like inflation and output are
well documented but absent from the specifications in sections 3.1 and 3.2.

We use the VAR specification of Bauer and Swanson (2022) which is a variant of Gertler and Karadi
(2015). The external instrument imposes a second moment restriction to identify shocks, more specifi-
cally it replaces one column of the rotation matrix with predicted values from a regression of a reduced
form VAR innovation on the external instrument.!3

Identification via an external instrument hinges on a high-frequency monetary policy shock series
El; satisfying relevance and exogeneity conditions to be an adequate external instrument for .s;np the

unobservable true monetary shocks.

Elel"ell #0 and Elele?”1 =0
where ¢, is any serially uncorrelated structural shocks driving the economy and ¥ is a subset of these
shocks unrelated to monetary policy.

Since the true value of E?w is unobserved, both conditions ultimately must be justified logically. All
high-frequency monetary shock series studied in this paper should satisfy the relevance condition as
they capture monetary news conveyed by FOMC announcements by construction. The exclusion condi-
tion should also be satisfied because of the tight windows around FOMC announcements should prevent
non-monetary news from moving markets. Section 2.6 calls into question the exclusionary restriction

by showing that several commonly used monetary shock series—those of MP1, FF4, and NS—may be

13gee Stock and Watson (2018) for additional documentation of VARs with external instruments.
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contaminated by observables and hence predictable. However, other shock series like that of BRW have
been shown to be unpredictable, suggesting there are alternatives for concerned researchers.

The specification for a VAR with external instruments is given as:

Yr=a+B(L)Yr_1 +5 Y2 +iir (12)

Where Y7 is a vector containing four monthly economic variables from January 1973 to December 2019:
the log of the consumer price index (CPI), the log of industrial production (IP), the Gilchrist and Zakra-
jSek (2012) excess bond premium, and the two-year zero-copuon Treasury yield at a monthly frequency.
Appendix D details the sources of these series and we note that the two-year Treasury yield is the daily
change observed at the end of the month. The excess bond premium controls for financial factors and
the two-year Treasury is a measure of the stance of monetary policy. Although the original Gertler and
Karadi (2015) specification uses the one-year Treasury, the two-year has the advantage of being less con-
strained at the ELB and is used by Bauer and Swanson (2022), our main comparison.

Next, B(L) is the matrix polynomial in the lag operator. Although Bauer and Swanson (2022) follow
Gertler and Karadi (2015) and Ramey (2016) in using 12 lags, we shorten to 8 lags due to the sample size of
our high-frequency shocks. Bauer and Swanson (2022) construct a version of the NS shock series from
1988 to 2019 that includes additional FOMC communications like speeches documented by Swanson
and Jayawickrema (2023). We begin our sample in 1995 which is as close to the 1994 introduction of
explicit policy statements as our intraday data allows. Appendix C confirms that shortening the lags
does not substantially change the qualitative estimates of monetary policy transmission, but does result
in slightly different point estimates.

Finally, e’; is the instrument for s; Y;y estimated via two-stage least squares and it is the residual.
The sample of the external instrument €2 does not have to be the same as that of the economic data. In
fact, the sample used for our six shock series is from January 1995 to December 2019 and the sample
for the economic data is from January 1972 to February 2020. Furthermore, following the literature 6’; is
aggregated to a monthly frequency by summation, eiT = Zte’;. We do not make any further adjustments
for the timing of shocks within the month as Ramey (2016) and Miranda-Agrippino and Ricco (2021)
find that the adjustments proposed by Gertler and Karadi (2015) can induce serial correlation.!* Ap-
pendix C confirms that we obtain similar results using our constructed monetary policy shocks to those
constructed by Bauer and Swanson (2022) using the data available from the author’s website.1®

Figure (9) plots impulse responses from equation (12) obtained via the Canova and Ferroni (2022)
toolbox with 68 percent error bands and 20,000 draws. For the four main shocks studied in this paper,
the impulse responses to a 25 basis point monetary shock are qualitatively in line with macroeconomic
theory and similar in sign and shape. The response of the two-year Treasury shown in the bottom row of
each panel rises on impact and is normalized so that its initial response is 25 basis points. After initially
rising, the two-year Treasury decreases and returns to zero about 10 months after the initial impulse. The

excess bond premium displayed in the third row rises on impact to about 0.2 to 0.4 percentage point in

l4gee footnote 10.
15gee https:/ /www.michaeldbauer.com/files/ FOMC_Bauer_Swanson.xIsx.
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Figure 9: Impulse responses to a 25 basis point monetary shock, x-axis is months and y-axis is percentage
points.

Impulse responses are estimates from equation (12) Yr = a + B(L)Y7_1 + §1 Y%Y + @i obtained via the Canova and Ferroni
(2022) Bayesian VAR toolbox with 68 percent error bands, 20,000 draws, and 8 lags. The sample of monetary shock series is
from January 1995 to December 2019 while the sample of economic data is from January 1973 to February 2020. MP1 is the
30-minute change around an FOMC announcement in the current month’s federal funds future if the FOMC announcement
is in the first 23 days of the month with an adjustment or the next month’s federal funds future if the FOMC announcement is
within the last seven days of the month. FF4 is the change in the three-month ahead federal funds futures within 30-minutes of
an FOMC announcement. NS is the first principal component of the instrument set {MP1, MP2, ED2, ED3, ED4} which is the
30-minute change in these futures around an FOMC announcement. BRW is a Fama-MacBeth regression of the daily change
in one- to 30-year constant maturity Treasury yields. IP is the industrial production index, CPI is the consumer price index,
excess bond premium is from Gilchrist and ZakrajSek (2012), and the two-year Treasury is the end of the month daily change in
the zero-coupon yield. All sources of series are detailed in Appendix D.

all series shown and then declines towards zero.

The impulse responses of both industrial production and CPI shown in rows one and two of figure (9),
respectively, to a contractionary monetary shock are significantly negative—as standard New Keynesian
theory predicts. We find no evidence of an opposite-signed responses in CPI or industrial production as
was found in the forecast revision specification in section 3.1 or elsewhere in the literature. Differences
in point estimates among the four shock series are only in magnitude rather than in sign. The responses
of industrial production shown in the first row are the largest for the M P1 and FF4 shock series shown
in panels (9a) and (9b), respectively. The responses of CPI shown in the second row have similar inter-
pretation to the responses for industrial production. All CPI responses are statistically significant and
negative with those of the MP1 and FF4 shocks in panels (9a) and (9b), respectively, being the largest in
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magnitude. However, the response of CPI to the BRW shock series in panel (9d) has an initial response
that is largest in magnitude the CPIL.

The differences between the NS and BRW shock series are relatively minor with the exception of the
response of the excess bond premium, which can be explained by BRW'’s shock construction including
the longer-end of the yield curve. Inference with respect to other variables (CPI, industrial production
and two-year Treasury) would not be substantially different between the BRW and NS series. Con-

versely, the MP1 and FF4 shock series show much larger responses of the CPI.
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Figure 10: Impulse response to a 25 basis point monetary shock, x-axis is months and y-axis is percentage
points.

Impulse responses are estimates from equation (12) Yr = a+ B(L)Y7_1 + §1 Y%Y + fiT obtained via the Canova and Ferroni
(2022) Bayesian VAR toolbox with 68 percent error bands, 20,000 draws, and 8 lags. The sample of monetary shock series is
from January 1995 to December 2019 while the sample of economic data is from January 1973 to February 2020. BRW method
/ NS data is a Fama-MacBeth regression of the NS data, the instrument set {M P1, MP2, ED2, ED3, ED4} which is the 30-minute
change in these futures around an FOMC announcement. NS method/BRW data is the first principal component of the BRW
data, the daily change in one- to 30-year constant maturity Treasury yields. IP is the industrial production index, CPI is the
consumer price index, excess bond premium is from Gilchrist and Zakraj$ek (2012), and the two-year Treasury is the end of the
month daily change in the zero-coupon yield. All sources of series are detailed in Appendix D

Both the similarity of impulse responses and the conventionally-signed estimates in figure (9) could
suggest that differences in monetary shocks series are negligible when estimating monetary transmis-
sion in a VAR with external instruments. However, figure (10) shows that the impulse responses of

swapped shocks are quite different than their counterparts shown in figure (9) as the swapped shocks
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often estimate opposite-signed responses. Together, these findings suggest that even though differences
in monetary shock series can affect VAR estimates, the effects of these differences are small when com-
paring the four main shock series studied.

Although section 2 documents differences in several commonly used monetary policy shocks, we
find that the effect of these differences on estimates of monetary transmission can be small depending on
the specification used. Specifications like the daily local projections and VAR with external instruments
in sections 3.2 and 3.3, respectively, are more similar in terms of signs and magnitudes of estimates than

the forecast revision specification in section 3.1.

4 CONCLUSION

Because monetary policy simultaneously affects and responds to economic conditions, identifying ex-
ogenous monetary instruments is an ongoing challenge for researchers. Since at least Kuttner (2001),
high-frequency environments have proven useful for overcoming these challenges by extracting unan-
ticipated market surprises that control for all available information prior to an FOMC announcement.
To construct monetary shock series, researchers separate monetary news from its non-monetary coun-
terpart by calculating the change in asset prices minutes after an FOMC announcement relative to the
prices observed just before.

Although various high-frequency monetary shock series rely on similar narrow time windows around
the same monetary policy announcements, we document that their signs and magnitudes are quite dif-
ferent for the United States. Furthermore, these differences are starkest when the federal funds rate is at
its effective lower bound and the Federal Reserve has typically deployed an expansive toolkit. Because
underlying data and statistical methods can differ in shock construction, we ask what drives differences
in monetary shock series. We find that data on long-term rates can contribute to differences, but meth-
ods are also important. Because the Federal Reserve’s 21st century monetary policy toolkit is designed
to affect rates beyond the short-term, longer-term rates can capture additional information. However,
long-term rates may be, on average, relatively unresponsive to monetary policy. Therefore, methods like
the Bu et al. (2021) Fama-MacBeth regression that rely on the differential responsiveness of short and
long-term rates are more effective at extracting additional information from long-term rates.

After constructing commonly used monetary shock series from raw data to highlight the choices
faced by researchers, we analyze if differences in shock series matter for inference. We find that estimates
of monetary transmission from local projections and VARs are more similar across shock series than their
counterparts estimated via forecast revisions. In fact, some of the shock series with the simplest data and
methods—the Bu et al. (2021) BRW and Kuttner (2001) M P1 shock series—are the most likely to deliver
estimates of monetary transmission that are consistent with predictions from New Keynesian models

across several different specifications.
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A APPENDIX SHOCK CONSTRUCTION
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Figure A.11: Total daily number of trades of federal funds futures contracts. Source: CME Group Inc.

A.1 APPENDIX: WINDOWS FOR SOURCING INTRADAY TRADES ~ The MP1, FF4, and NS shock series are
all constructed from intraday futures data observed minutes before a FOMC announcement and minutes
after. However, due to the availability of trades, the minutes "before" and "after" may not be as uniform
as researchers would like.

Following Nakamura and Steinsson (2018) and Giirkaynak et al. (2007), researchers construct intra-
day shocks by selecting trades of federal funds or eurodollar futures 10 minutes before an FOMC an-
nouncement and 20 minutes after. However, there are not always trades at these exact times. Typi-
cally, trades that take place less than 10 minutes before an announcement or 20 minutes after are not
considered. Trades that take place more than 10 minutes before an announcement are considered and
researchers select the closest possible trade since 4:00 PM. on the preceding day—the time when after-
hours trading officially begins. Similarly, if there is no trade exactly 20 minutes after an FOMC announce-
ment the closest trade is taken, up to noon on the subsequent day. If no suitable trades before or after
the monetary policy announcement exist within these conditions, the change is set to 0.

Figures (A.12) and (A.13) show the size of the time windows around FOMC announcements for each
of the five futures in the NS instrument set and the FF4 series.

Figure (A.12) shows that trades in federal funds futures markets are often not available in exact 30
minute windows around FOMC announcements. While a large share of available intraday trades are
within an hour of an announcement, it is not uncommon for intraday windows to be several hours long.
Moreover, wider windows are particularly prevalent pre-2005 and during ELB periods. Figure (A.13) re-
veals a similar, although less extreme, phenomenon in the availability of trades in eurodollar futures.

Overall, we note that the lack of uniformity in window sizes does not seem to affect shock construc-

tion. If we set windows to be one or two hours, and hence increase the uniformity, shock series are still
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tightly correlated to their counterparts constructed from 30-minute windows.
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Figure A.12: Time windows around FOMC announcements for federal funds rate futures.
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A.2 ApPENDIX: REAL TIME ESTIMATES The MP1 and FF4 shock series are based on changes in raw
data, with M P1 having a small scalar multiple adjustment based on the days remaining in the month ofa
meeting. In contrast, the Nakamura and Steinsson (2018) and Bu et al. (2021) shock series utilize statisti-
cal procedures (PCA and Fama-MacBeth regression, respectively), which raise concerns of discrepancies
in shock estimates compared to real-time versions.

We compare these shocks to their so-called "real-time" counterparts—that is, shocks for which the
n™ monetary policy announcement’s shock is calculated using data for only the first 7 monetary policy
announcements. We begin these real-time estimates at the 30th meeting in our sample so that the sta-
tistical procedures have sufficient observations. Figure (A.14) shows that, overall, there is not much dif-
ference between the real-time shock estimates and estimates taken over the whole sample. Both shocks
have a correlation of 0.99 with their real-time counterpart. Some real-time observations, particularly for
the BRW shock series near the onset of the Great Financial Crisis, can substantially differ, but these are
not many. Overall, these give us reassurance that it does not much matter if a researcher uses shocks

constructed as real-time estimates or shocks constructed using the entire sample.
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Figure A.14: Real-time versions of Nakamura and Steinsson (2018) and Bu et al. (2021) series.

Monetary shock series are calculated from January 1995 to November 2023 except for the NS series that ends in March 2023
due to the discontinuation of Eurodollar data. Real-time estimates calculate the shocks from the first 30 FOMC announce-
ments and then update the estimates recursively. From the 31st estimate onward, each shock observation only contains in-
formation that was available at the time of the FOMC announcement. NS is the first principal component of the instrument
set {MP1, MP2,ED2, ED3, ED4} which is the 30-minute change in these futures around an FOMC announcement. BRW is a
Fama-MacBeth regression of the daily change in one- to 30-year constant maturity Treasury yields.
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A.3 APPENDIX: SCALINGS OF SHOCKS  The methodologies of both the Bu et al. (2021) and Nakamura
and Steinsson (2018) monetary policy shocks require scaling for interpretation. Both shocks scale to
Treasury yields: the Nakamura and Steinsson (2018) shock scales to the one-year zero-coupon Treasury
yield while the Bu et al. (2021) shock scales to the two-year constant maturity Treasury yield. To test if
the choice of scaling matters, we swap the maturities.

Figure (A.15a) shows that using the change in the two-year zero-coupon Treasury yield instead of
the one-year makes little difference for the Nakamura and Steinsson (2018) shock: both versions of the
shock share the same sign 100% of the time and their correlation coefficient is a perfect 1.00. This nearly
perfect correlation stems from the final step of the shock construction where one scales the first principle
component by the coefficient estimate of the scaling variable on the first principle component.

Figure (A.15b) similarly shows that scaling makes little difference for the Bu et al. (2021) shock se-
ries. The correlation coefficient between the shock series constructed from the original two-year con-
stant maturity scaling and its counterpart constructed from the one-year is nearly perfect. When there is
some difference in estimates, it is because the scaling variable used in the Bu et al. (2021) Fama-MacBeth
regression is used in both the beginning and end of shock construction. While the choice of scaling at
the end is simply a means to convert a shock series to interpretable units in the same manner as in the
construction of the Nakamura and Steinsson (2018) shock series, the choice of scaling at the beginning
could be less innocuous. In the first step of the Fama-MacBeth regression, the choice of scaling variable
is also a choice of normalization for which to assess average responsiveness. However, as figure (A.15b)

demonstrates, this choice ultimately makes little difference in the constructed monetary shock series.
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Figure A.15: Monetary shock series under different scaling assumptions.
Monetary shock series are calculated from January 1995 to November 2023 except for the NS series that ends in
March 2023 due to the discontinuation of Eurodollar data. NS is the first principal component of the instrument set
{MP1,MP2,ED2, ED3, ED4} which is the 30-minute change in these futures around an FOMC announcement. BRW is a Fama-
MacBeth regression of the daily change in one- to 30-year constant maturity Treasury yields.
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A.4 APPENDIX: PREDICTABILITY REGRESSIONS Because high-frequency monetary policy shocks should
be exogenous, it is clearly desirable that the shocks not be significantly associated with observable macroe-
conomic news. Following the literature, we test if the six series studied in this paper are predictable by
economic news. More specifically, we use as measures of economic news the monthly releases of one
quarter-ahead Blue Chip Economic Indicators output growth revisions, the business conditions index of
Aruoba et al. (2009) (ADS Index), the Chicago Fed Big Data Business Cycle Indicator of Brave et al. (2019),
or the monthly change in nonfarm payrolls. See Appendix D for sources of these series.

The predictability regressions are estimated via OLS with Huber-White robust standard errors, where
the dependent variable is the monetary shock being tested and the independent variable is the macroe-
conomic news that may be a predictor of the shock. Monetary shock series are aggregated to a monthly
frequency and months without a monetary policy announcement are dropped from the sample.

The Blue Chip one quarter-ahead output growth revisions and the nonfarm payrolls releases are not
released on the first of the month, so for specifications using either as an independent variable must
exclude months in which there a monetary policy announcement before the release of the indepen-
dent variable. For specifications where the independent variable is Blue Chip one quarter-ahead output
growth revisions, we exclude months before December 1, 2000 in which a monetary policy announce-
ment is within the first four business days of the month and we drop months after December 1, 2000 for
which a monetary policy announcement is within the first three business days of the month. For specifi-
cations where the independent variable is the monthly change in nonfarm payrolls, we exclude months
in which a monetary policy announcement occurs within the first seven days of the month and within

the first business week of the month.
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Figure A.16: Predictability regressions

Estimate of ,3 in equation (9) EiT —a+ ,Bnews’% + e are OLS. Panel (a) is the full sample from January 1995 to November 2023

for all shocks exception for those relying on the NS data which ended in March 2023 due to the discontinuation of eurodollar
data. Panel (b) is the full sample ex-crisis which excludes the first three months of 2009. Panel (c) is the full sample ex crisis and
Covid which excludes the first three months of 2009 and the second quarter of 2020. Panel (d) is the NS sample from January
1995 to August 2015. Panel (e) is the ELB sample defined as December 16, 2008 to December 16, 2015 and March 15, 2020 to
March 16, 2022. Panel (f) is the non-ELB sample defined as all dates except those in panel (e). For the specification using the
Blue Chip GDP revisions, we follow Bauer and Swanson (2023) and exclude observations where the FOMC announcement is
in the first three business days of the month from 1995 to December 2000 and the first two business days thereafter to ensure
that the Blue Chip Survey was completed prior to the FOMC announcement. Blue Chip GDP revisions are the monthly revision
of one-quarter ahead GDP growth forecasts. The specification using non-farm payrolls assures that the FOMC meeting is
after the FOMC release which is typically the first Friday of every month. Non-farm payrolls are the monthly change in the
nonfarm payrolls release. The ADS Index is the Aruoba et al. (2009) business conditions index. The BKK index is the Brave et
al. (2019) Big Data index. MP1 is the 30-minute change around an FOMC announcement in the current month’s federal funds
future if the FOMC announcement is in the first 23 days of the month with an adjustment or the next month’s federal funds
future if the FOMC announcement is within the last seven days of the month. FF4 is the change in the three-month ahead
federal funds futures within 30-minutes of an FOMC announcement. NS is the first principal component of the instrument
set {MP1, MP2,ED2, ED3, ED4} which is the 30-minute change in these futures around an FOMC announcement. BRW is a
Fama-MacBeth regression of the daily change in one- to 30-year constant maturity Treasury yields. BRW method / NS data is
a Fama-MacBeth regression of the NS data. NS method/BRW data is the first principal component of the BRW data.
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B APPENDIX: FORECAST REVISION SPECIFICATION

This section describes the data construction for the forecast revision specifications used to estimated
monetary policy transmission. This specification is estimated via OLS with Huber-White robust standard
errors. The dependent variable is monthly GDP revisions for the year-ahead. More specifically, for a given
month we take the average of the revisions for the one-, two-, and three-quarter ahead forecasts. The
independent variable is the respective monetary policy shock being tested, excluding shocks occurring
in either the first two (after December 2000) or three (before December 2000) business days of the month,
as this is when the Blue Chip survey is still being collected. The sample is from January 1995 to November
2023, except for those for the NS shock series as the underlying eurodollar future are discontinued after
March 2023.

THE INDEPENDENT VARIABLE: MONETARY POLICY SHOCK each of the six shock series studied are aggre-
gated to a monthly frequency by summing values across the month. There are particular steps necessary
to take before in aggregation that must be taken to ensure that the aggregated monetary policy shocks of
a month precede any Blue Chip output growth revision.

We drop meetings occurring before that month’s survey collection of Blue Chip is finished, which
before December 2000 was on the fourth business day of the month but thereafter was on the third
business day of the month. This step has several sub-steps. Before December 1, 2000, we also drop any
meetings within the first three business days of the month while after December 1, 2000 we drop any
meetings within the first two business days of the month. For before December 1, 2000, this means that
we drop monetary policy announcements that occur before the fourth day of the month or meetings that
are either on the fifth or fourth day of the month and either a Monday, Tuesday, or Wednesday. For after
December 1, 2000 this means that we drop all meetings that occur before the third day of the month as
well as meetings that are either on the third or fourth day of the month and on a Monday or a Tuesday.
We then do a monthly sum of monetary policy shocks by month, excluding months during which there
are no applicable FOMC meetings.

THE DEPENDENT VARIABLE: GDP FORECAST REVISIONS  The dependent variable is median GDP fore-
cast revisions for the year ahead from the current month from the Blue Chip Economic Indicators. The
Blue Chip releases GDP forecasts from the previous month within the first week of the current month.
For example, the forecasts for October would be released within the first week of November.

Year-ahead forecast revisions are calculated as the average change in the one, two, and three quarter-
ahead median GDP forecasts for the current month. For example, the year-ahead output growth fore-
cast revision for December 2007 is obtained by subtracting the GDP forecasts for 2008Q1, 2008Q2, and
2008Q3 from the November 2007 edition of the Blue Chip Economic Indicators from those from the De-
cember 2007 edition of the Blue Chip Economic Indicators.
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Figure B.17: Forecast revision coefficients and 95% confidence intervals

Estimates of ﬁ in equation (10) Blue Chip GDP revisionst = ﬁsiT + er are obtained via OLS. The robust standard errors are
similar when bootstrapped. The full sample is from January 1995 to November 2023 for all shocks except for those relying on
NS data which end in March 2023 due to the discontinuation of eurodollar data. Crisis controls are indicator variables for the
first three months of 2009 and Covid controls are for the second quarter of 2020. The NS sample is from January 1995 to August
2015. The ELB is defined as December 16, 2008 to December 16, 2015 and March 15, 2020 to March 16, 2022. Following Bauer
and Swanson (2023), we exclude observations where the FOMC announcement is in the first three business days of the month
from 1995 to December 2000 and the first two business days thereafter to ensure that the Blue Chip Survey was completed
prior to the FOMC announcement. MP1 is the 30-minute change around an FOMC announcement in the current month’s
federal funds future if the FOMC announcement is in the first 23 days of the month with an adjustment or the next month’s
federal funds future if the FOMC announcement is within the last seven days of the month. FF4 is the change in the three-
month ahead federal funds futures within 30-minutes of an FOMC announcement. NS is the first principal component of the
instrument set {MP1, MP2, ED2, ED3, ED4} which is the 30-minute change in these futures around an FOMC announcement.
BRW is a Fama-MacBeth regression of the daily change in one- to 30-year constant maturity Treasury yields. BRW method /
NS data is a Fama-MacBeth regression of the NS data. NS method/BRW data is the first principal component of the BRW
data.
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C APPENDIX: VAR

Using the Canova and Ferroni (2022) toolbox, we estimate the VAR specification of Bauer and Swanson
(2022) using each of the six monetary shock series studied in this paper. The monthly VAR has four eco-
nomic variables: two-year zero-coupon Treasury yields, industrial production (IP), the consumer price
index (CPI), and the Gilchrist and Zakraj$ek (2012) excess bond premium, in that order. The two-year
zero-coupon Treasury yield and Gilchrist and ZakrajSek (2012) excess bond premium are both divided
by 100, and the log of taken of industrial production and CPI. The two-year zero-coupon Treasury yield
is aggregated from a daily to a monthly frequency by using the last observation for each month. Data
series and their sources are described in more detail in Appendix D. Appendix figure (C.18) plots the
impulse response functions for the four economic variables to a 25 basis point NS shock series.

First, we reproduce Bauer and Swanson’s (2022) results with data from their website
(https:/ /www.michaeldbauer.com/files/FOMC_Bauer_Swanson.xlsx). Panel (C.18b) in the middle shows
that our replication is a close match to their results shown in panel (C.18a) on the left. Differences in error
bands arise due to slight variation in methodology. While we use the Bayesian VAR toolbox of Canova and
Ferroni (2022), they use frequentist 90 percent bootstrapped standard errors. However, these differences
in error bands do not materially alter the implications of the estimates.

Second, we compare estimates from Bauer and Swanson (2022) to those from our construction of
the NS shock series in a specification with 8 lags instead of 12. Bauer and Swanson’s (2022) version of
the NS shock series is from February 1988 to December 2019 while ours is from January 1995 to March
2023. Following Swanson and Jayawickrema (2023), they obtain a longer sample by constructing the
NS shock series using the first principal component of the (edl, ed2, ed3, ed4) instrument set scaled
by a 1 percentage point change in the ED4 rate instead of the (MP1, MP2, ed?2, ed3, ed4) instrument set
scaled by the daily change in the one-year zero-coupon Treasury.'® With our relative shorter sample for
monetary shock series as an external instrument, we found that using 12 lags sacrifices too many degrees
of freedom for error bands to be informative. We instead use 8 lags as a remedy and our results are shown
in panel (C.18c). While there are quantitative differences in the magnitudes of the responses, the results
are still quite similar to those of Bauer and Swanson (2022) shown on the left in panel (C.18a). Therefore,
we proceed to implement our various monetary policy shocks as external instruments starting in 1995
in VARs with 8 lags.

16gtarting the sample earlier than 1994 requires relatively more judgement on defining FOMC announcement dates and times
as the Federal Reserve only began officially releasing FOMC statements in 1994.
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Figure C.18: Impulse responses to a 25 basis point NS shock series, x-axis is months and y-axis is per-
centage points.

Panel (a) is figure (3) in Bauer and Swanson (2022). Estimates in panels (b) and (c) are from equation (12) Yr =a+B(L)Y7_; +
S1 YIZ.Y + fiT obtained via the Canova and Ferroni (2022) Bayesian VAR toolbox with 68 percent error bands and 20,000 draws.
IP is the industrial production index, CPI is the consumer price index, excess bond premium is from Gilchrist and Zakraj$ek
(2012), and the 2-year Treasury is the end of the month daily change in the zero-coupon yield. All sources of series are detailed
in Appendix D.
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D APPENDIX: DATA

This section lists the source and description of each series used in this paper.

ADS INDEX is a daily business conditions index from Aruoba et al. (2009) and available for download
from the Federal Reserve Bank of Philadelphia (https://www.philadelphiafed.org/surveys-and-data/real-

time-data-research/ads).

BLUE CHIP GDP FORECAST REVISIONS are the monthly forecast revision of the median GDP forecast.
They are obtained from Haver Analytics’ Blue Chip Economic Indicators

(http://www.haver.com/our_data.html).

BKK INDEX is a daily coincident index from Brave et al. (2019) that provides a summary statistic for
the state of the economy. It is available for download from Indiana University Kelley School of Business
(https://www.ibrc.indiana.edu/bbki/).

CONSTANT MATURITY TREASURY YIELDS are daily market yields on U.S. Treasuries obtain via the H.15

Selected Interest Rate Release from the Federal Reserve Board.

DaiLy CPI  The Billion Prices Project publicly available daily CPI can be obtained via Cavallo and
Rigobon (2016) for July 2008 through August 2015 (https://dataverse.harvard.edu/dataset.xhtml?
persistentld=doi%3A10.7910%2FDVN%2F6RQCRS). This is series indexCPI for country==USA in spread-
sheetpricestats_bpp_arg_usa.csvinfolderall_files_in_csv_format.zip. Alternatively, the data
are also available from the pricestats_bpp_ar_usa.dta file in the RAWDATA folder on the website
https://www.openicpsr.org/openicpsr/project/113968/version/V1/view. The index is not seasonally ad-

justed constructed from webscraped prices of multichannel retailers that sell both online and offline.

EURDOLLAR FUTURES are available at an intraday tick frequency from 1995 to March 2023 via the CME

Group Inc. DataMine (https://datamine.cmegroup.com/) at the Federal Reserve Board.

EXCESS BOND PREMIUM is a monthly credit spread index from Gilchrist and Zakrajsek (2012) and is
available from the Federal Reserve Board

(https:/ /www.federalreserve.gov/econres/notes/feds-notes/ebp_csv.csv.)

FEDERAL FUNDS FUTURES are available at an intraday tick frequency from 1995 to present via the CME

Group Inc. DataMine at the Federal Reserve Board (https://datamine.cmegroup.com/).

FOMC ANNOUNCEMENT DATES AND TIMES  the dates of FOMC announcements for 1995-2023 are ob-
tained directly from the Federal Reserve’s public website

(https://www.federalreserve.gov/monetarypolicy/fomccalendars.htm). For selecting the exact times of
the announcements, we first use the release time as printed on the FOMC’s public press release or oth-
erwise on the Federal Reserve’s public website. This is possible for the meetings of 8/7/2007, 5/9/2010,
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and from 2016 to 2023. Whenever it is not possible to use release time from the Federal Reserve’s public
website, we next take release times as recorded in the data of Giirkaynak et al. (2005), which covers meet-
ings from 1995-2004. Finally, we consider the time of the first article on Bloomberg regarding the FOMC
announcement, which mainly covers meetings from 2005 to 2015. We drop all notational meetings in-
cluding August 27, 2000, October 4, 2019, March 11, 2008, and August 10, 2007.

INDUSTRIAL PRODUCTION s the seasonally adjusted monthly Industrial Production Index from the
Federal Reserve Board (FRED: INDPRO).

CONSUMER PRICE INDEX is the seasonally adjusted monthly Consumer Price Index from the Bureau of
Labor Statistics (FRED: CPIAUCSL).

NONFARM PAYROLLS, ALL EMPLOYEES is the monthly total nonfarm payrolls release from the Bureau of
Labor Statistic’s Current Employment Statistics Establishment Survey (FRED: PAYEMS).

ZERO-COUPON TREASURY YIELDS are continuously compounded zero-coupon daily yields (mnemonic:
SVENYXX) obtained from the Federal Reserve Board
(https://www.federalreserve.gov/data/yield-curve-tables/feds200628_1.html or as a csv file).
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