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1 Introduction

How does monetary policy affect the economy? Despite being a fundamental question, the
response of real macroeconomic outcomes to monetary policy remains challenging to pin down
empirically. The difficulty, of course, is identification—monetary policy responds to economic
conditions, meaning that policy actions are correlated with the same business-cycle forces that
also shape subsequent macroeconomic outcomes.

The high-frequency identification approach has offered the literature a promising way to
overcome this endogeneity problem by isolating unexpected monetary policy news using in-
traday interest-rate movements in narrow windows around policy announcements.! However,
many outcomes of interest are only measured at the monthly or quarterly frequency (e.g., in-
vestment). For such outcomes, one common approach in the empirical literature is to aggregate
high-frequency monetary policy surprises at the corresponding monthly or quarterly frequency,
and then use the aggregated series as the event-time shock in an event-study analysis.? Although
this is a natural extension of the high-frequency approach, it also changes the identifying as-
sumption: when the outcome of interest is only observed at a monthly or quarterly frequency,
the relevant shock must be orthogonal not only to news arriving within a narrow announce-
ment window, but also to the broader business-cycle forces unfolding over the same monthly or
quarterly horizon.

In the first part of this paper, we show that these sorts of lower-frequency monetary pol-
icy event studies suffer from a business-cycle endogeneity problem. In particular, we document
that expansionary (resp. contractionary) policy surprises tend to occur during broader loosening
(resp. tightening) cycles. In an event-study framework, this pattern manifests as pronounced
low-frequency pre-trends in the one-year Treasury yield prior to a monetary policy surprise.
Such pre-trends undermine the causal interpretation of low-frequency event-study designs, as
they make it difficult to disentangle the effects of monetary policy from the effects of coincident
business-cycle conditions.

Though we have not developed an alternative empirical methodology that circumvents this
business-cycle endogeneity problem generally, we do propose a new empirical approach for es-
timating how corporate investment responds to monetary policy. We present this alternative, Q-
theory-based approach in the second part of this paper. Our approach combines high-frequency
identification of monetary policy’s effect on firms’ market values with a simple, transparent,
model-based mapping from valuation changes to investment changes (i.e., Q-theory). In partic-

ular, this mapping yields a tractable decomposition of the aggregate corporate-investment re-

IStudies using high-frequency identification include Kuttner [2001], Cochrane and Piazzesi [2002], Giirkaynak et al.
[2005], Gertler and Karadi [2015], Gorodnichenko and Weber [2016], Nakamura and Steinsson [2018], Jarocinski
and Karadi [2020], and Bauer and Swanson [2023].

2See footnote 11 for a review of this literature.

3This lower-frequency finding echoes the higher-frequency predictability detailed in Bauer and Swanson [2023].



sponse into an average-firm channel and a firm-heterogeneity channel. Empirically, we find that
a one-unit surprise tightening (normalized to a one percentage point increase in the one-year
Treasury yield) reduces annual corporate investment by about 0.33% of U.S. GDP for the firms in
our sample (or roughly 0.38% of GDP when extrapolated to all non-financial, non-utility public

firms), with a meaningful share of this response attributable to firm-level heterogeneity.

Our first objective in this paper is to document an identification challenge that arises when
high-frequency monetary policy surprises are taken outside of the narrow windows in which
they are constructed. Note that the low-frequency usage of high-frequency surprises is common
in the empirical literature, particularly when the outcome of interest is observed only monthly
or quarterly (see footnote 11 for a review). While identification in a narrow intraday window
requires that the FOMC communication be the dominant source of relevant new information in
that narrow window, the maintained assumption in lower-frequency event studies is stronger:
at a monthly or quarterly horizon, identification requires that the surprise be orthogonal to the
broader macroeconomic forces evolving over that same horizon.

To investigate this lower-frequency orthogonality assumption, we implement a standard event-
study design using the statement surprise series of Acosta et al. [2025].* Specifically, we aggregate
meeting-level surprises to the quarterly frequency, and trace the path of the one-year Treasury
yield around these quarterly-aggregated surprises. We find sizable pre-trends in the one-year
Treasury yield prior to the quarter of the monetary policy surprise, with surprise easings tending
to occur after a period of falling yields (and surprise tightenings after rising yields). This result
is not a mechanical artifact of quarterly aggregation. Similar pre-trends appear with monthly-
aggregated surprises, and at the daily frequency when the event study is run with a wide event
window. In short, low-frequency monetary policy event studies suffer from a business-cycle en-
dogeneity problem, since measured monetary policy surprises are correlated with slow-moving
interest-rate and business-cycle dynamics that begin well before the policy surprise itself.’

We next show that this business-cycle endogeneity concern is not easily resolved by adding
controls. We consider standard macro-financial controls,® and we also control directly for lags of
quarterly yield changes. In all cases, we find that controls either do not eliminate low-frequency
pre-trends, or controls absorb too much of the event-time policy variation, or both. Moreover, we
also demonstrate an important practical implication of this business-cycle endogeneity problem—

the estimated response of macroeconomic outcomes such as unemployment, inflation, GDP, and

*This series is available from 1994 onward as part of the U.S. Monetary Policy Event-Study Database (USMPD).
A statement surprise is defined as the first principal component of the changes in money-market futures rates—
collectively spanning a horizon of roughly one year—in a tight window around the release of FOMC statements.

5To be clear, this is an in-sample finding. For example, as discussed in Bauer and Swanson [2023], the pre-trends we
identify could be consistent with market participants having incomplete information about the Fed’s policy rule. For
purposes of demonstrating that business-cycle endogeneity is a concern, however, the interpretation is secondary.

®Specifically: (i) we control for four lags of GDP growth, unemployment, and inflation, and (ii) we include the controls
used in the Bauer and Swanson [2023] orthogonalization procedure.


https://www.frbsf.org/research-and-insights/data-and-indicators/us-monetary-policy-event-study-database/

investment can be highly sensitive to the specific controls used. Thus, the conclusions one draws
about monetary policy’s effects are likely to be shaped by the chosen control set rather than being
robustly identified by the event-study variation itself. Oster [2019] diagnostics similarly imply
wide ranges of plausible effects.

The business-cycle endogeneity problem that we document is also not specific to our baseline
surprise measure. We repeat the analysis across a broad set of commonly used high-frequency
monetary policy surprise series, including those from Acosta et al. [2025], Bauer and Swanson
[2023], Bu et al. [2021], Gorodnichenko and Weber [2016], Giirkaynak et al. [2005], Miranda-
Agrippino and Ricco [2021], and Nakamura and Steinsson [2018]. Across these surprise series,
quarterly-aggregated surprises exhibit significant pre-trends, weak relevance for contemporane-
ous one-year-yield movements, or both.

Finally, it is important to clarify the scope of this business-cycle endogeneity problem. In
short, we do not argue that high-frequency identification is invalid for high-frequency outcomes.
In fact, when we estimate the response of asset prices in narrow windows around FOMC announcements—
including the one-year yield, the S&P 500, the 10-year yield, and the 10-year real yield—the es-
timated effects are stable across the same control sets that generate substantial sensitivity at
the quarterly frequency. The available evidence thus points to a horizon-specific identification
problem. High-frequency monetary policy surprises remain useful for estimating the immediate
asset-price effects of policy news, but difficulties arise when those same surprises are used as if

they were exogenous shocks to lower-frequency macroeconomic outcomes.

Our second objective in this paper is to develop an alternative approach to estimating the cor-
porate investment response to monetary policy. Because corporate investment is not observed at
high frequency—and in light of the business-cycle endogeneity problem just discussed—we do not
try to estimate this response by directly projecting quarterly investment on quarterly-aggregated
monetary policy surprises. Instead, our alternative approach combines two ingredients. First, we
preserve the high-frequency identifying variation to estimate how firms’ market values respond
to monetary policy news within a narrow window around FOMC announcements. Second, we
turn to Q-theory in order to map these high-frequency changes in firms’ market values into lower-
frequency (annual) changes in investment. We consider a standard neoclassical investment model
with a constant-returns-to-scale production function, perfect competition, and quadratic adjust-
ment costs [Hayashi, 1982]. In this environment, a firm’s investment rate is proportional to its
average Q; i.e., the market value of the firm’s productive assets relative to their replacement cost.
Correspondingly, changes in the firm’s enterprise value map into changes in investment through
the firm’s investment-Q sensitivity. We can therefore combine: (i) high-frequency estimates of
the response of firms’ enterprise values to monetary policy surprises, with (ii) low-frequency es-
timates of firms’ investment-Q sensitivities in order to characterize each firm’s (and hence the

aggregate) investment response to monetary policy.
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Before continuing, we first note that the Q-theory mapping from Q to investment has strong
empirical support in our sample period, both in the aggregate and at the firm level. Although this
may seem surprising in light of a well-known literature documenting failures with Q-theory, a
recent reexamination by Andrei et al. [2019] finds that the aggregate relationship between invest-
ment and Q has been remarkably tight since 1995. In our firm-level data, we similarly find strong
empirical support for Q-theory: estimated investment-Q sensitivities exhibit substantial out-of-
sample predictive power for firm investment, delivering R%s of roughly 20-30%.” One additional
advantage of our Q-theory-based framework is its transparency: it provides a first-principles
mapping from high-frequency valuation responses to lower-frequency investment responses, and
makes explicit the objects needing to be estimated empirically. While one could alternatively
use high-frequency-identified asset-price responses as moments to discipline a richer structural
model of firms’ investment and financing decisions—and indeed we view this as a promising
direction for future research—the identification issues documented above make a simple, trans-
parent, sufficient-statistics benchmark the natural first step.

Detailing our Q-theory-based framework, we first need a market-based measure of firms’ en-
terprise values (where market prices are needed to capture changes in firm value within tight
announcement windows). A firm’s enterprise value can be written as the market value of the
firm’s equity plus debt minus cash, where debt encompasses both bonds and bank loans.® To
estimate high-frequency changes in enterprise values using available market-price data, we im-
pose the approximation that the market value of bank loans does not respond to monetary policy
shocks, which is reasonable given that most bank loans have floating interest rates. Denote by
Wi = Equity,, +Bonds;; the market value of a portfolio of firm ¢’s outstanding equity and bonds.
Under this approximation, the change in firm 7’s enterprise value following a monetary policy
shock dr; corresponds to the change in its combined equity-and-bond portfolio value, dIW;;. We
let B; denote the high-frequency return sensitivity of firm ¢’s W portfolio to monetary policy
shocks (i.e., 5; = C”/V;Vt—i/:m). Q-theory then maps these high-frequency valuation changes into in-
vestment changes through firm ¢’s investment-Q sensitivity, ;. Together, these two objects yield
a simple firm-level sufficient statistic: firm ¢’s investment response to a monetary policy shock is
governed by the product ; x f3;.

Aggregating across firms and scaling by the aggregate portfolio value W, delivers a tractable

decomposition characterizing the aggregate investment response to a monetary policy shock:

d]t/th
Wi

= Ew [’}/z] X ]Ew [51] + (COVw (%7 ﬁz) )

7Our empirical analysis looks only at publicly traded firms. We make no claims about Q-theory’s empirical validity
for smaller, private firms.

8More precisely, enterprise value is the market value of the firm’s productive assets in our model, so we will also
make adjustments for net working capital when taking the model to the data.



where [E,, denotes a value-weighted average (weighting by W;,) and Cov,, denotes the corre-
sponding value-weighted covariance.

This decomposition separates two channels. The first term captures the response of the
(value-weighted) average firm: monetary policy induces an average valuation response (E,, [5;]),
which then translates into investment through the average investment-Q sensitivity (E,, [7:]).
The covariance term captures the role of firm-level heterogeneity: monetary policy may dispro-
portionately affect the valuations of firms with higher (or lower) investment-Q sensitivities. For
example, if policy news hits high-v firms more strongly, the covariance term implies an amplifi-
cation of the aggregate investment response.

We then take this sufficient-statistics framework to the data. Doing so requires two sets of
inputs, which are estimated in separate steps. First, we estimate the high-frequency return sen-
sitivity of firm-level W portfolios to monetary policy surprises, which provides the (; inputs.
Second, we estimate how firm-level investment responds to changes in valuation, which pro-
vides the ; inputs.

We start by estimating firm-level return sensitivities to monetary policy surprises (3;). We
construct firm-level W portfolios using equity prices from CRSP and corporate bond prices from
TRACE. Monetary policy surprises are again taken from Acosta et al. [2025]. For each firm,
we estimate [3; by regressing the two-day cumulative return on its I portfolio around FOMC
announcements on the monetary policy statement surprise.

The average return sensitivity to a one-unit monetary policy surprise is —0.16. This indicates
that monetary policy news produces sharp and economically meaningful movements in firms’
market valuations. Because firm-specific estimates are likely to be noisy, we also verify that
the cross-sectional heterogeneity in return sensitivities we identify is not merely an artifact of
sampling error by conducting a cross-validation exercise. Specifically, we split FOMC events into
training and test sets, and find that firms that are more sensitive to monetary policy in the training
sample are also more sensitive in held-out events. This provides evidence that there is persistent,
economically meaningful heterogeneity in how monetary policy surprises affect firm values.

The second set of necessary inputs is firm-level investment-Q sensitivities (;). Using annual
Compustat data (1994-2023, excluding 2020), we run standard investment-Q regressions for both
standard (tangible) investment and for a broader “total investment” measure that incorporates
intangibles [Eisfeldt and Papanikolaou, 2013; Peters and Taylor, 2017].° Again, because our firm-
specific estimates are likely to be noisy, we conduct a cross-validation exercise to verify that firms
classified as more Q-sensitive in training samples remain more Q-sensitive in held-out years.

Combining these two sets of inputs yields our central new result on heterogeneity: firms

with larger investment-Q sensitivities also tend to have enterprise values that are more sensi-

?Specifically, we estimate firm-level slopes ~y; from a panel regression of the investment rate I;;/ K;;—1 on lagged Q,
including firm and industry x year fixed effects.



tive to monetary policy surprises. That is, the covariance term in the decomposition above is
negative, Cov,, (7;, 5;) < 0. Economically, this negative covariance implies that surprise tight-
enings disproportionately reduce valuations for precisely the firms whose investment responds
more strongly to such valuation changes. This firm-heterogeneity channel therefore amplifies the
aggregate investment response relative to what an average-firm-only calculation would imply.

Finally, we quantify the response of corporate investment to monetary policy. Plugging our
baseline estimates into the sufficient-statistics decomposition above, we find that a one-unit sur-
prise tightening reduces (tangible) investment by about 0.36% of the value of the aggregate W
portfolio. Since the aggregate 1 portfolio is roughly 0.9-times U.S. GDP in our sample, this cor-
responds to an annual investment reduction of approximately 0.33% of U.S. GDP among the firms
we study.'’ 24% of this response is attributable to the heterogeneity (covariance) channel, with
the remainder coming from the response of the value-weighted average firm.

This paper proceeds as follows. Section 2 documents the business-cycle endogeneity prob-
lem faced by low-frequency monetary policy event studies. Section 3 lays out our alternative,
Q-theory-based framework for estimating the corporate investment response to monetary pol-
icy. Section 4 takes the framework to the data and quantifies the implied corporate investment

response. Section 5 concludes.

2 Business-Cycle Variation in Monetary Policy Surprises

Since many macroeconomic variables of interest—such as GDP, inflation, and investment—
are measured at monthly or quarterly frequencies, a large empirical literature aggregates high-
frequency monetary policy surprises to the corresponding lower frequency and then uses these
aggregated surprises to estimate the dynamic effects of monetary policy on such outcomes.'' In
doing so, this approach implicitly assumes that the monthly- or quarterly-aggregated surprises
are orthogonal to broader macroeconomic dynamics unfolding over the same horizon.

In this section, we call that identifying assumption into question by highlighting a business-

cycle endogeneity problem. Specifically, we document that surprise easings (resp. tightenings) are

0The investment reduction is 0.38% if the same per-dollar response is extrapolated to the remaining non-financial,
non-utility public firms that are not included in our sample. See Section 4.1 for sample construction details.

UFor papers studying the response of corporate investment (our focus in this paper) to monetary surprises at monthly
or quarterly frequencies, see e.g., Ottonello and Winberry [2020], Caglio et al. [2021], Crouzet [2021], Cloyne
et al. [2023], Doéttling and Ratnovski [2023], Ferreira et al. [2023], Hsu et al. [2023], Jeenas and Lagos [2024],
Jungherr et al. [2024], Gnewuch and Zhang [2025], Kroen et al. [2025], Beyhaghi et al. [2026], Drechsel et al.
[2026], Jeenas [2026], Lakdawala and Moreland [2026], Perez-Orive et al. [2026], and Selgrad and Siani [2026]. For
papers studying other low-frequency outcomes, see also Cochrane and Piazzesi [2002], Faust et al. [2003], Faust
et al. [2004], Barakchian and Crowe [2013], Gertler and Karadi [2015], Ramey [2016], Stock and Watson [2018],
Caldara and Herbst [2019], Kalemli-Ozcan [2019], Lakdawala [2019], Jarociniski and Karadi [2020], Lunsford [2020],
Miranda-Agrippino and Rey [2020], Paul [2020], Bu et al. [2021], Miranda-Agrippino and Ricco [2021], Nunes et al.
[2022], Bauer and Swanson [2023], Bilbiie and Kénzig [2023], Bauer et al. [2024], Damast et al. [2025], Abramson
et al. [2026], Gamber [2026], Loualiche et al. [2026], and Pazarbas1 [2026].



systematically embedded in broader easing (resp. tightening) cycles. In an event-study frame-
work, this business-cycle endogeneity appears as pronounced pre-trends in macroeconomic vari-
ables prior to a monetary policy surprise. These pre-trends undermine the causal interpreta-
tion of empirical designs that directly map high-frequency monetary policy surprises into lower-
frequency outcomes, since estimated responses may partly reflect the continuation of pre-existing
macroeconomic conditions rather than the causal effect of the surprise alone.

The remainder of this section examines this business-cycle endogeneity problem in further
detail. This problem, in turn, points to the need for alternative empirical methodologies for es-
timating the effects of monetary policy on lower-frequency outcomes. Starting in Section 3, we

develop and implement one such methodology in the context of corporate investment.

2.1 Low-Frequency Pre-Trends in Monetary Policy Event Studies

Our baseline measure of monetary policy news is the statement surprise series (stmt;) con-
structed by Acosta et al. [2025], following the approach to constructing FOMC announcement sur-
prises of Nakamura and Steinsson [2018]. This series is available from 1994 onward and is based
on high-frequency futures data from the U.S. Monetary Policy Event-Study Database (USMPD). A
statement surprise is defined as the first principal component of the intraday changes in different
money-market futures rates covering a horizon of roughly one year, each measured over a 30-
minute window that starts 10 minutes before and ends 20 minutes after the release of an FOMC
statement.'? The resulting factor is rescaled so that a unit change corresponds to a one percent-
age point change in the one-year Treasury yield measured over the same intraday window. This
factor loads similarly across each of the underlying futures rates—which collectively span a hori-
zon of roughly one year—and therefore captures how markets revise expected short-term interest

rates over the next four quarters in immediate response to an FOMC statement."?

Main Result. Figure 1 presents event-study estimates of the effect of monetary policy state-
ment surprises on the one-year Treasury yield at both the daily and quarterly frequency."* We

plot the estimated coefficients B3y, from the following OLS regression in event time:

yii)h - Ei)l = Qp + Bh . Stmtt + Et,h7 (1)

28pecifically, the underlying inputs consist of the implied rate surprises MP1 and MP2, constructed from federal
funds futures and capturing high-frequency revisions to market expectations of the federal funds rate at the current
and subsequent FOMC meetings, together with changes in short-rate expectations two to four quarters ahead,
measured using the second through fourth quarterly Eurodollar futures contracts (ED2-ED4), based on Eurodollar
futures up to 2021 and SOFR futures thereafter.

3Statement surprises thus reflect unexpected changes in both the current policy stance and in near-term forward
guidance.

4QOur Treasury yield curve data come from the Federal Reserve, following the methodology of Giirkaynak et al.
[2007].


https://www.frbsf.org/research-and-insights/data-and-indicators/us-monetary-policy-event-study-database/
https://www.federalreserve.gov/data/nominal-yield-curve.htm

where yt(i)h — yﬁ)l is the change in the one-year Treasury yield measured from the end of period

t — 1 to the end of period ¢ + h, and stmt, is the monetary policy statement surprise in period ¢.
The sequence {Bh}%o:ﬂo traces the event-time impulse-response of the one-year Treasury yield
around a monetary policy statement surprise.”” We use Huber—-White robust standard errors. The
sample begins in February 1994, when monetary policy statement surprises first become available,
and ends in December 2023. Following standard practice in the literature, we restrict attention
to scheduled FOMC statement surprises, and also exclude the post-9/11 FOMC announcement
on September 17, 2001 as well as all announcements from March to December 2020 during the
COVID-19 outbreak, leaving us with 242 monetary policy statement surprises.

Panel (a) of Figure 1 uses daily data, and shows that a unit monetary policy statement surprise—
normalized to correspond to a one percentage point high-frequency change in the one-year Trea-
sury yield in the announcement window—leads to a 102 bps increase in the one-year Treasury
yield on the day of the surprise, and an overall 165 bps increase after 20 days. The figure also
exhibits pronounced pre-announcement drift: yields trend upward in the direction of the an-
nouncement from day —20 to day —7. This pattern is consistent with the finding in Bauer and
Swanson [2023] that recent macroeconomic and financial news, which move yields prior to FOMC
meetings, predict the magnitude and sign of monetary policy surprises.®

Panel (b) then replicates the analysis at the quarterly frequency. To construct quarterly mone-
tary policy statement surprises we sum all high-frequency statement surprises within the quarter,
following standard practice in the literature.'” ), in Equation (1) then captures the response of the
one-year Treasury yield h quarters after the quarterly-aggregated surprise. Importantly, Panel
(b) reveals sizable pre-trends in the one-year Treasury yield prior to a quarterly statement sur-
prise.’® These pre-trends imply that quarterly-aggregated statement surprises are not isolated
from broader pre-existing interest-rate and business-cycle dynamics.

We focus on quarterly aggregation here since the response of investment to monetary policy—
our main focus in this paper—is typically studied at quarterly frequencies. However, the precise
level of aggregation is not critical. Low-frequency pre-trends can be seen for monthly-aggregated

monetary policy surprises (see Appendix Figure A.2), or even for daily monetary policy surprises

5We restrict the sample to announcement periods only, but results are essentially unchanged if we set stmt; = 0 in
periods without an FOMC announcement.

16Several papers show that monetary policy surprises are predictable from information observed right before the
FOMC announcement: Greenbook forecasts and forecast revisions based on the most recent projections available
before the announcement [Miranda-Agrippino, 2016; Miranda-Agrippino and Ricco, 2021]; the average federal
funds rate over the calendar month before the meeting and the 12-month change in total nonfarm payroll em-
ployment using data available up to the latest release [Cieslak, 2018]; option-implied Treasury skewness averaged
over the month preceding the meeting [Bauer and Chernov, 2024]; and three-month pre-meeting changes in stock
prices, the yield curve slope, and commodity prices [Bauer and Swanson, 2023].

17 Appendix Figure A.3 shows that results are insensitive to whether we sum statement surprises within a quarter or
weight surprises by their timing within the quarter.

18 Appendix Figure A.1 quantifies this by forecasting quarterly statement surprises with lags of quarterly yield
changes: one lag forecasts stmt, with an R? of 26%, while ten lags deliver an R? of 33%.



when the window is extended to 240 trading days (roughly a year) prior to the announcement
(see Figure 2 below). In other words, monetary policy surprises are correlated with slow-moving
business-cycle conditions that start to unfold long before the surprise itself."

The pre-trends in Panel (b) of Figure 1 can be understood as extending, at a lower frequency,
the finding in Bauer and Swanson [2023] that daily monetary policy surprises are predictable with
publicly available macroeconomic and financial variables observed in the quarter prior to FOMC
announcements. Bauer and Swanson [2023] emphasize an interpretation based on incomplete
information: monetary policy responds to recent news, but fixed-income investors are uncertain
about the Fed’s policy rule and learn about it over time. A similar interpretation can likely explain
our lower-frequency finding, as the Fed’s policy stance may respond not only to short-term but
also to longer-term macroeconomic and financial news.*

Regardless of interpretation, Figure 1 makes clear that quarterly-aggregated monetary policy
surprises are systematically related to past yield changes, and hence to prior business-cycle dy-
namics. This pattern raises a general concern for empirical designs that aggregate high-frequency
monetary policy surprises to match lower-frequency macroeconomic outcomes (such as quarterly
investment). Specifically, the pre-trends that we document here imply that these empirical de-
signs may fail to isolate the causal effects of monetary policy, with estimated responses instead

partly reflecting the continuation of pre-existing business-cycle trends.

Wide-Window Daily Event Study. Asmentioned above, the business-cycle endogeneity prob-
lem highlighted by Figure 1 is not driven mechanically by time aggregation to the quarterly level.
To show this, Figure 2 provides an event study around daily monetary policy statement surprises
using a wider window of 240 days. Figure 2 exhibits similar low-frequency pre-trends to those in

our baseline quarterly event study in Figure 1.

Clarifying Scope of Business-Cycle Endogeneity Problem. Before continuing, it is impor-
tant to be precise about the scope of the business-cycle endogeneity problem. We do not claim
that the low-frequency pre-trends documented here will necessarily undermine identification in
high-frequency settings. Indeed, the Q-theory-based methodology for estimating the corporate
investment response to monetary policy that we propose in Sections 3 and 4 will rely on esti-
mating the high-frequency response of asset prices to monetary policy surprises. Moreover, we
further justify the validity of such high-frequency designs in Section 2.4 below.

Our critique is instead directed at lower-frequency applications: once monetary policy sur-

prises are used at monthly or quarterly frequencies, they are unlikely to provide a clean source

YWe highlight one other curious feature in Panel (b) of Figure 1, which is that the 3y coefficient is roughly 4. That
is, the one-year yield moves by much more than the surprise itself within the quarter of the surprise.

2Such an interpretation would constitute a rejection of full-information rational expectations, although it remains
potentially consistent with market efficiency.
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Figure 1: Path of One-Year Yield Around Monetary Policy Statement Surprise
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bond yield. Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard errors.

of variation for identifying the causal effects of monetary policy because they systematically co-
move with broader business-cycle conditions.

The distinction is largely one of horizons. A high-frequency analysis of monetary policy
surprises relies on the assumption that, within a narrow window around an FOMC statement, the
monetary policy surprise itself is the dominant source of relevant new information. By contrast,
using quarterly-aggregated surprises to identify the response of a quarterly outcome requires

a stronger assumption: because the outcome-window extends over a much longer horizon, the
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Figure 2: Path of One-Year Yield Around Monetary Policy Statement Surprise: Wide Daily Window
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Note: This figure plots the sequence {ﬁAh},%‘gL2 40 estimated from Equation (1) at the daily frequency. Monetary

policy statement surprises come from Acosta et al. [2025]. The outcome variable is the change in the one-year (yil))
Treasury zero-coupon bond yield. Confidence intervals are constructed at the 90% level with heteroskedasticity-
robust standard errors.

aggregated surprise must be orthogonal to slow-moving macroeconomic forces that also affect
the outcome over the same horizon. The pre-trends highlighted above indicate that this stronger
assumption is unlikely to hold.*!

2.2 Adding Controls Exacerbates Relevance and Sensitivity Concerns in

Quarterly Event Studies

One solution to the business-cycle endogeneity problem just highlighted could, potentially, be
to control for pre-existing macroeconomic conditions that are correlated with monetary policy
surprises. The identifying assumption implicit in this approach is that the effect of monetary
policy surprises on subsequent outcomes is conditionally unconfounded—that is, monetary policy
surprises are as good as random after controlling for various business-cycle variables.

As is often the case, however, controlling for business-cycle variables is unlikely to fully re-
store exogeneity. Indeed, Figure 3 below illustrates that even with controls, quarterly-frequency
specifications are likely to suffer from at least one of two central issues: controlling for standard
macro variables may not remove pre-trends, and if it does, then the residualized monetary policy
surprise that remains may no longer provide a relevant source of identifying variation. Moreover,

Figure 4 highlights an additional issue: the estimated response of macroeconomic outcomes can

?IEven if monetary policy surprises are only predictable ex post, their systematic relationship with prior yield move-
ments nonetheless suggests that they are not orthogonal to broader business-cycle conditions.
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be highly sensitive to the specific controls used. We detail these three issues in turn below.

Quarterly Monetary Policy Event Study with Controls: One-Year Yield. To begin, Figure
3 replicates the quarterly event study of Figure 1 but with the addition of four different sets of
controls. In Panel (a) we utilize two sets of conventional business-cycle controls: (i) we control for
the set of pre-announcement macroeconomic and financial variables used by Bauer and Swanson
[2023] when constructing their “orthogonalized monetary policy surprise” measure,* and (ii) we
control for four quarterly lags of real GDP growth, unemployment, and inflation.” In Panel (b),
we directly control for: (i) the past eight lags of quarterly yield changes, and (ii) the past eight
lags of quarterly yield changes plus all of the controls used in Panel (a).

Starting with the Bauer and Swanson [2023] controls in Panel (a) of Figure 3 (dashed red
line), these controls only partially ameliorate pre-trends. This implies that the lower-frequency
dynamics we uncover are not eliminated by their orthogonalization procedure. Moreover, the
residualized monetary policy surprise is now only weakly related to the event-quarter change in
the one-year yield (h = 0). The macro controls in Panel (a) (dashed green line)—which include
four lags of real GDP growth, unemployment, and inflation—likewise fail to remove pre-trends.
Looking next at Panel (b), directly controlling for eight lags of yield changes (dashed yellow line)
or including all business-cycle and yield controls (dotted purple line) does mechanically remove
pre-trends in yields.** However, these controls again appear to absorb much of the relevant event-
time policy variation (the estimated coefficient even changes sign when all controls are included).

Overall, Figure 3 clearly illustrates the first two issues mentioned at the start of this subsec-
tion: namely, that controlling for standard business-cycle variables may not remove pre-trends,
and if it does then any monetary policy surprise that remains may not be relevant. Although
Figure 3 only provides a visual analysis of these two issues while looking specifically at the state-
ment surprise series of Acosta et al. [2025], we will soon show in Section 2.3 that these issues

exist across a variety of monetary policy surprise measures that are common in the literature.

Quarterly Monetary Policy Event Study with Controls: Macro Outcomes. Next, Fig-
ure 4 digs into the third issue with adding controls, which is that the estimated response of
macroeconomic outcomes can be highly sensitive to the specific controls that are used. Figure
4 presents impulse-responses around quarterly-aggregated monetary policy surprises for four
different macroeconomic outcomes: unemployment, inflation, GDP, and investment. The key

takeaway from Figure 4 is that the estimated response of each of these outcomes is highly sensi-

2These variables include the nonfarm payrolls surprise (i.e., deviations from consensus), employment growth, 3-
month S&P 500 returns, 3-month changes in the yield curve slope, 3-month log-changes in commodity prices, and
the level of skewness implied by options on 10-year Treasury futures.

2These business-cycle controls are used in Ottonello and Winberry [2020], among others.

2Nonetheless, pre-trends in other variables still remain—see in particular Table 3 in Section 2.3.
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Figure 3: Path of One-Year Yield Around Monetary Policy Statement Surprise: Adding Controls

(a) Business-Cycle Controls (b) Direct Yield Controls
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Note: This figure plots the sequence { B}{ 20 _,, estimated from the specification
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where stmt, is the quarterly-aggregated statement surprise from Acosta et al. [2025] and X" is a set of controls. Each
line corresponds to a different set of variables v. B&S controls are the controls used by Bauer and Swanson [2023]:
the most recent nonfarm payrolls surprise, employment growth, stock-market returns, yield-curve slope changes,
commodity-price changes, and option-implied Treasury skewness. Macro controls are four lags of real GDP growth,
inflation, and unemployment. Lags of yield changes are quarterly changes in the one-year yield in the eight quarters
preceding the surprise. Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard
errors. For visual clarity, we omit confidence intervals for the raw sequence (see Panel (b) of Figure 1).

tive to the specific controls used. This suggests that the conclusions one draws about monetary
transmission depend materially on the chosen control set, rather than emerging robustly from
the event-study variation itself.

One way to quantify the sensitivity of these estimates to omitted-variable bias is to construct
bounds on plausible effect sizes using the methodology from Oster [2019].>> Table 1 reports the
implied range of effects of monetary surprises on unemployment, inflation, GDP, and investment
at a one-year horizon under alternative assumptions about selection on unobservables. Even
modest selection on unobservables relative to observed controls generates wide intervals. For

example, if selection on other omitted variables is no stronger than selection on the path of prior

25This approach uses the change in the measured effect of the monetary surprise on the outcome when controls are
added, along with the share of variation in the outcome explained by the shock and controls, to estimate the extent
of selection on the controls. This can be used to gauge the range of plausible effects of the shock on the outcome
under alternative assumptions about how correlated the shock is with unobservables not included as controls (i.e.,
other omitted variables).
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yield changes, the effect of a one-unit contractionary monetary surprise on real GDP after one
year ranges from -0.6% to 4.7%.”° Moreover, even the Oster [2019] ranges change materially with
the set of controls that we use.

We end by noting that this sort of fragility is, perhaps, unsurprising. Simply put, adding con-
trols is unlikely to address endogeneity in a satisfactory way when the source of that endogeneity
is not fully known. In our setting, once one recognizes that monetary policy “shocks” systemat-
ically comove with business-cycle conditions, adding controls can only remove the components
of business-cycle variation captured by those specific controls. Because we do not know the pre-
cise sources of business-cycle comovement for monetary policy surprises, different control sets

remove different sources of variation and therefore generate different estimated responses.

Table 1: Sensitivity of Estimated Effects on Low-Frequency Macro Outcomes: Oster [2019] Bounds

Effect of monetary surprise on outcome at ¢ + 4

Controls for

8 lags of yield changes All controls
Outcome Bshort Rghort Rﬁmg Oster [2019] bounds Rfong Oster [2019] bounds
Unemployment Rate -7.8  0.081 0.197 [-5.5,-0.6] 0.623 [0.4,9.1]
Log CPI 7.0 0.044 0.109 [1.0,5.1] 0.573 [-8.2,-0.7]
Log Real GDP 79 0044 0.133 [-0.6,4.7] 0.530 [-16.6, -4.5]
Log Net Private Investment  132.6  0.033  0.147 [2.6,74.9] 0.524 [-208.7, -43.2]
Note: The columns Bshort and thort report results from z;14 — x¢—1 = Bshort - stmiy + €, for each outcome x.

The two pairs of long columns differ in their control set: the first (“8 lags of yield changes”) adds only the eight

quarterly yield-change lags {Aygl_)k ®_1; the second (“All controls”) adds those plus four quarterly lags of GDP,
unemployment, and inflation, and the B&S controls. The Oster [2019] range is calculated by varying 6 € [—1,1]

: * inax_Rzon
using B = ﬂlong -4 (ﬁshort - Blong) WR%i
Ry =min{l,1.3- RY 1.

max

, where Rﬁmg is the R-squared of the regression with controls and

2.3 Pre-Trends and Relevance Concerns Across Quarterly-Aggregated

Monetary Policy Surprise Measures

While we have thus far focused on the statement surprise series of Acosta et al. [2025]—since
this is our baseline measure of monetary policy news—we now document that the business-cycle
endogeneity problem applies across a range of alternative monetary policy surprise measures

that are commonly used in the literature.

%Recent work by Masten and Poirier [2026] shows that the Oster [2019] methodology can understate the likelihood
that a coefficient changes sign. In this sense, even the wide intervals in Table 1 may understate the true uncertainty
in the estimated effects of monetary surprises on these outcomes.
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Figure 4: Sensitivity of Macro Impulse-Responses to Controls Used
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Note: This figure plots the sequence {B,’:}i‘ifm estimated from the specification

Tyrh — Ti—1 = ap + By - stmty + 9, Xy + €/ 4,
where z; is an outcome z in quarter ¢, stmt; is the quarterly-aggregated statement surprise from Acosta et al.
[2025], and X" is a set of controls. Each line corresponds to a different set of variables v. B&S controls are the
controls used by Bauer and Swanson [2023]: the most recent nonfarm payrolls surprise, employment growth, stock-
market returns, yield-curve slope changes, commodity-price changes, and option-implied Treasury skewness. Macro
controls are four lags of real GDP growth, inflation, and unemployment. Lags of yield changes are quarterly changes
in the one-year yield in the eight quarters preceding the surprise.

We start by examining a variety of “off-the-shelf” measures of quarterly-aggregated monetary
policy surprises. These include both the statement surprise series and the event surprise series
from Acosta et al. [2025] (raw and orthogonalized),” as well as monetary policy surprise series
from Bauer and Swanson [2023] (raw and orthogonalized), Bu et al. [2021], Gorodnichenko and
Weber [2016], Giirkaynak et al. [2005] (target and path; updated by Acosta et al. [2024]), Miranda-
Agrippino and Ricco [2021] (orthogonalized), Nakamura and Steinsson [2018] (updated by Acosta
et al. [2024]), and Romer and Romer [2004] (updated by Wieland and Yang [2020]).?® For each of

“TEvent surprises are a broader measure of FOMC policy news than statement surprises alone, as they are constructed
to capture both the statement surprise and the surprise arising from the subsequent post-meeting conference.
Recent work highlights the role of the press conference in transmitting additional clarification and forward-looking
guidance beyond the FOMC statement (see e.g., Gomez-Cram and Grotteria [2022], Swanson and Jayawickrema
[2024], and Narain and Sangani [2026]).

%See Appendix Table A.1 for further details on each monetary policy surprise series. The Romer and Romer [2004]
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these surprise measures, we create a quarterly-aggregated series by summing all surprises within
a given quarter (as we did for our baseline statement surprise series).

Table 2 evaluates the issues of pre-trends (columns 1 and 2) and relevance (column 3) across
these off-the-shelf measures of monetary policy surprises. To examine pre-trends, we estimate

regressions of the form:
Ay = ay + By - shocky +evp, ke {1,2,...,8}, ()

where Ayﬁ)k is the change in the one-year Treasury yield from quarter t — k£ — 1 to quarter t — k
and shock; is a quarterly-aggregated monetary policy surprise measure. In words, we examine
whether surprises dated in quarter ¢ are systematically related to yield movements realized before
the surprise occurs. Thus, a non-zero 3 estimate indicates that the surprise series is correlated
with prior movements in the one-year yield. Column 1 of Table 2 reports the p-value for the test
B1 = O—corresponding to the most recent quarter prior to the surprise—while column 2 reports
the p-value for the joint test 81 = o = ... = B3 = 0. The low p-values reported across columns
1 and 2 indicate that low-frequency pre-trends are common across a range of monetary policy
surprise measures (even orthogonalized measures).

Turning to relevance, column 3 of Table 2 reports the F'-statistic for the specification in Equa-
tion (2) when k& = 0, that is:

Ayfl) = o + Bo - shock;, + €4,

where Ay,fl) is the change in the one-year Treasury yield from quarter ¢ — 1 to quarter ¢. In words,
this regression measures the strength of the relationship between each quarterly-aggregated sur-
prise series and the contemporaneous quarterly movement in the one-year yield.

Looking across columns 1, 2, and 3 clarifies that pre-trends and/or relevance issues exist
broadly. In fact, all of the surprise measures examined in Table 2 exhibit significant pre-trends,
or a low F'-statistic, or both.

Table 3 takes this analysis one step further by checking if the addition of our own controls can
ameliorate pre-trends while maintaining first-stage relevance. Similar to Section 2.2, we consider
three sets of controls: (i) the set of pre-announcement macroeconomic and financial variables
used by Bauer and Swanson [2023], (ii) four quarterly lags of real GDP growth, unemployment,
and inflation, and (iii) the past eight lags of quarterly yield changes.”’

To examine whether the first two sets of controls resolve the issue of pre-trends, we again test

series is a narrative measure rather than a high-frequency surprise; we include it here for completeness. We have
also found similar results when experimenting with other shock series identified with the narrative approach (e.g.,
Aruoba and Drechsel [2026]) over the same sample period.

2We do not include the orthogonalized shocks from Acosta et al. [2025] and Bauer and Swanson [2023] in Table 3,
since the column “Controlling for B&S controls” replicates both papers’ orthogonalized shock series.
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Table 2: Off-the-Shelf Monetary Policy Surprise Series: Examining Pre-Trends and Relevance

Pre-trends Relevance

Coef. on Coefs. on Effect on
last quarter  last eight quarters shock quarter
yield change yield changes yield change

Ayﬁ)l {Ayz@k bt Aygl)

p-value Joint test p-value F-stat
Shock (1) (2) (3)
Raw shocks:
Acosta et al. [2025] statement (stmit) 0.00 0.00 21.6
Acosta et al. [2025] monetary event (me) 0.00 0.00 13.0
Bauer and Swanson [2023] (mps) 0.00 0.00 35.4
Bu et al. [2021] 0.02 0.01 14
Gorodnichenko and Weber [2016] 0.00 0.01 7.8
Girkaynak et al. [2005] target 0.05 0.04 0.0
Girkaynak et al. [2005] path 0.00 0.00 31.4
Nakamura and Steinsson [2018] 0.00 0.00 15.6
Romer and Romer [2004] 0.00 0.00 6.0
Orthogonalized shocks:
Acosta et al. [2025] statement (stmt') 0.00 0.02 0.3
Acosta et al. [2025] monetary event (me’) 0.02 0.34 0.0
Bauer and Swanson [2023] (mps) 0.00 0.13 1.1
Miranda-Agrippino and Ricco [2021] (IV1) 0.04 0.20 4.1

Note: Column 1 reports the p-value that the coefficient §; = 0 using the specification in Equation (2) for k£ = 1.
Column 2 reports the p-value of an analogous test that coefficients 31, 82, . . ., Bs are jointly zero. Column 3 reports
the F'-statistic for the specification in Equation (2) for £ = 0. See Appendix Table A.1 for details on each monetary
policy surprise series.

for pre-trends using specification (2), but now with controls. Columns 1 and 3 of Table 3 report,
respectively, the p-value for the test that the coefficients on the past eight lags of yield changes
are jointly zero, i.e., f; = P2 = ... = g = 0, in the specification augmented with each set of
controls. To assess the relevance of the shock after controls are added, columns 2 and 4 of Table 3
report the F'-statistic for the specification in Equation (2) when £ = 0 and with the corresponding
controls included. Echoing the results in Table 2, we again find—regardless of whether we use the
Bauer and Swanson [2023] controls or the lags of macroeconomic variables as controls—that all
of the monetary policy surprise series in Table 3 exhibit significant pre-trends, a low F'-statistic,
or both.

Including eight lags of yield changes as controls (the third set of controls) mechanically en-
sures that 81 = B, = ... = B3 = 0. To check for pre-trends in this case, we instead regress

each of the Bauer and Swanson [2023] controls from quarter ¢ — 1 on the time-¢ monetary policy
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surprise, including the lagged yield changes as controls. Column 5 of Table 3 reports the p-value
for the test that the coefficient on the surprise series is jointly zero across controls. In column 6
of Table 3, our calculation of the F'-statistic mirrors the approach in columns 2 and 4. Again, for
each monetary policy surprise series, we find either significant pre-trends (column 5) or a low
F'-statistic (column 6) after adding eight lags of yield changes as controls.

Overall, Tables 2 and 3 illustrate across a wide range of monetary policy surprise measures
that quarterly-aggregated surprises are either systematically related to prior movements in the
one-year Treasury yield, weakly related to contemporaneous yield movements, or both. Thus, the
central concern is not simply that a particular high-frequency surprise measure is contaminated,
but rather that any empirical mapping from high-frequency monetary policy surprises into lower-
frequency macroeconomic outcomes is likely to introduce business-cycle variation that is difficult

to purge without also removing much of the policy-relevant variation.

2.4 Using High-Frequency Monetary Policy Surprises at High Frequency

As discussed in Section 2.1, the business-cycle endogeneity problem creates an identification
concern for empirical designs that use monetary policy surprises to estimate low-frequency dy-
namics. By contrast, high-frequency event studies—which focus on high-frequency outcomes—
are likely to be less exposed to the low-frequency pre-trends that we uncover. This is because
high-frequency identification rests on the comparatively narrow assumption that monetary pol-
icy surprises are the primary driver of outcome movements only within tight event windows.
Of course, high-frequency event studies rely on the outcome of interest actually being observ-
able in a tight window around FOMC announcements. While this is not the case for many real
macroeconomic variables (e.g., investment), it is typically true for asset prices.

To assess the validity of high-frequency event studies, Figure 5 presents daily event-study
estimates of the effect of monetary policy statement surprises on four different asset prices: the
one-year yield, the S&P 500, the 10-year yield, and the 10-year real yield. In each panel, we present
the raw estimate as well as the corresponding estimate after including each of the four sets of
low-frequency controls used in Figures 3 and 4. In stark contrast to the sensitivity at quarterly
frequencies that was illustrated in Figures 3 and 4, Figure 5 instead shows that estimated asset-
price responses are insensitive to the inclusion of controls in narrow windows around a monetary
policy surprise. For example, in a two-day window spanning from the close of the trading day
preceding the FOMC meeting (¢ — 1) to the close of the trading day following the meeting (¢ + 1),
estimated asset-price responses are almost completely insensitive to the controls used (we focus
on this two-day window for consistency with the estimation of our Q-theory-based framework
in Section 4; further details therein).

To make this point more formally, Table 4 conducts an Oster [2019] exercise to quantify the

sensitivity of estimated asset-price responses in a narrow two-day window around monetary pol-
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Figure 5: Path of Asset Prices Around Monetary Policy Statement Surprise: Daily Frequency
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Note: This figure plots the sequence {Bﬁ}}llozfm estimated from the specification

Tyrh — Ti—1 = ap + By - stmty + 9, Xy + €/ 4,

where x; is an outcome x on day t, stmt; is the statement surprise from Acosta et al. [2025] on day ¢, and X" is
a set of controls. For “S&P 500 Return,” the outcome is the cumulative S&P 500 return, normalized to zero on day
t — 1. The yield and S&P 500 panels use the full sample of 242 statement surprises over 1994-2023; the 10-year TIPS
panel begins in 1999, when the real-yield curve becomes available, and uses 200 surprises. Each line corresponds
to a different set of variables v. B&S controls are the controls used by Bauer and Swanson [2023]: the most recent
nonfarm payrolls surprise, employment growth, stock-market returns, yield-curve slope changes, commodity-price
changes, and option-implied Treasury skewness. Macro controls are four lags of real GDP growth, inflation, and
unemployment. Lags of yield changes are quarterly changes in the one-year yield in the eight quarters preceding
the surprise. Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard errors.

icy surprises. Again in contrast to the lower-frequency exercise in Table 1, Table 4 now shows
tight bounds on our high-frequency (two-day) estimates of the effect of monetary policy sur-
prises on asset prices. Overall, the analysis in this subsection suggests that high-frequency event
studies are robust to the lower-frequency pre-trends that otherwise contaminate estimates based

on monthly or quarterly outcomes.

2.5 Summary and Implications for Future Research

The evidence in this section points to a fundamental limitation of empirical designs that

use high-frequency monetary policy surprises to identify the response of lower-frequency out-
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Table 4: Sensitivity of Estimated Effects on Daily Asset Prices: Oster [2019] Bounds

Effect of monetary surprise on outcome from ¢ = —1 to ¢t = +1 (pp)

Controls for

8 lags of yield changes All controls
Outcome Bshort Rghort Rfong Oster [2019] bounds Rfong Oster [2019] bounds
1-year Treasury yield 1.14  0.296  0.340 [1.13,1.18] 0.390 [1.07, 1.15]
5-year Treasury yield 0.89 0.095 0.141 [0.90, 1.04] 0.196 [0.91, 0.95]
10-year Treasury yield  0.61 0.042  0.075 [0.61,0.64] 0.119 [0.49, 0.56]
5-year TIPS yield 1.20 0.118 0.174 [1.06,1.20] 0.265 [0.97, 1.13]
10-year TIPS yield 0.87 0.085 0.149 [0.77,0.85] 0.220 [0.65, 0.80]
S&P 500 return -16.08 0.114 0.120 [-16.15,-15.97] 0.195 [-17.57, -16.32]

Note: The columns Bshort and R52hort report results from x; 11 — 2¢—1 = Bshort - Stmits + € for each outcome x. For
“S&P 500 Return,” the outcome is the cumulative S&P 500 return, normalized to zero on day ¢ — 1. The yield and
S&P 500 rows use 242 statement surprises over 1994-2023; the TIPS rows begin in 1999, when the real-yield curve
becomes available, and use 200 surprises. The two pairs of long columns differ in their control set: the first (“8 lags

of yield changes”) adds only the eight quarterly yield-change lags {Ayfl_)k 8_,; the second (“All controls”) adds
those plus four quarterly lags of GDP, unemployment, and inflation, and the B&S controls. The Oster [2019] range

2 2
Rmax - Rlung

is calculated by varying § € [—1, 1] using 3* = Biong — 0 (5short - Blong) R _RZ .
long h

short

, where Rﬁmg is the R-squared of

the regression with controls and R2, = min{1,1.3 - Rlzong}.

comes. Across a wide range of commonly used surprise measures, we document that quarterly-
aggregated surprises are systematically related to prior yield movements (or weakly related to
contemporaneous yield movements). This pattern suggests that estimated responses of lower-
frequency outcomes may partly reflect the continuation of pre-existing business-cycle dynamics
rather than the causal effect of monetary policy alone.

Our findings have two implications for empirical research that maps high-frequency mone-
tary policy surprises into lower-frequency outcomes. The first is diagnostic: empirical work using
monthly- or quarterly-aggregated surprises should examine not only first-stage relevance, but
also whether the proposed surprise series is systematically related to pre-existing business-cycle
conditions. Researchers can further evaluate the scope of these concerns using the sensitivity
and omitted-variable-bias analyses applied above. The second is methodological: because high-
frequency event studies appear robust to these business-cycle endogeneity concerns, empirical
designs that preserve the high-frequency identifying variation in monetary policy surprises while
avoiding the contamination introduced by directly mapping those surprises into lower-frequency
outcomes may offer a more credible path forward. In the remainder of the paper, we pursue one

such approach in the context of corporate investment.
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3 Monetary Policy and Corporate Investment: Sufficient Statis-

tics in a Q-Theory-Based Framework

The business-cycle endogeneity problem that we detailed in Section 2 suggests the need for
alternative empirical designs to evaluate the impacts of monetary policy. Although we are un-
able to provide a general solution to this business-cycle endogeneity problem that applies for all
outcome variables, we do propose a path forward in the context of corporate investment.”® This
Q-theory-based methodology for estimating the corporate investment response to monetary pol-
icy will be our focus in the remainder of this paper.

Before beginning, it may be helpful to comment briefly on the empirical adequacy of Q-theory
as a model of corporate investment. At the aggregate level, Andrei et al. [2019] document using
U.S. national accounts data that the relationship between aggregate investment and Tobin’s Q
has become remarkably tight in the modern sample period that we will focus on empirically.
For example, Andrei et al. [2019] find that an aggregate investment-Q regression has an R? of
more than 70% over the period 1995-2015. Moreover, we will show in Section 4.4 that Q-theory
also has strong explanatory power for firm-level investment in our sample of U.S. publicly traded
firms.*! In particular, we find that our estimated firm-level investment-Q sensitivities predict firm
investment out-of-sample with an R? of roughly 20-30%.

Nonetheless, we emphasize at the outset that our Q-theory-based methodology requires a
variety of strong assumptions. Thus, it is best viewed not as the optimal methodology for esti-
mating the investment response to monetary policy, but rather as providing one more arrow in
the quiver of applied macro- and corporate-finance economists. Given the endogeneity issues
uncovered in Section 2, credible inference on monetary policy’s effects will likely require the
evaluation of evidence across a variety of methodologies, each with its own inherent strengths
and weaknesses. One strength of our methodology is that it retains the credibility advantages
of high-frequency identification (i.e., understanding how monetary policy surprises affect asset
prices in a tight window around announcements), and then combines the estimated asset-price
responses with a first-principles model of investment (i.e., Q-theory) in order to provide a simple,
transparent, sufficient-statistics approach to identifying how investment responds to monetary
policy. Our methodology also allows us to uncover novel sources of firm-level heterogeneity that

matter for aggregation, and which future research should continue to explore.

%0 As summarized in footnote 11, the empirical design of regressing investment on quarterly-aggregated monetary
policy surprises is particularly common in the corporate-investment context, suggesting the usefulness of alterna-
tive empirical approaches such as the one we propose here.

%1 As mentioned in footnote 7, we make no claims about Q-theory’s explanatory power for private firms.
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3.1 Q-Theory-Based Framework

The framework proposed below is, for now, more of a sketch than a fully specified model.
This will be refined in future drafts.

Our sufficient-statistics approach is as follows. We consider a neoclassical investment model
with a constant-returns-to-scale production function, perfect competition, and quadratic adjust-
ment costs (as in Hayashi [1982]). We denote by X;; the firm-specific state variables of firm 7 at
time ¢ (e.g., capital K;;), by r; the prevailing nominal interest rate at time ¢, and by Z, all other
aggregate state variables at time ¢ (e.g., aggregate output). Let V (X, r;, Z;) denote the firm’s
value function.*” The firm’s first-order condition for investment is:

I; 4 [0V (X, e, Z2)

S
Ky T Ok,

— 1| =6 +7ilqu — 1),

where ; = %, ¢; is the firm’s adjustment-cost parameter, J; is the firm’s depreciation-rate pa-
rameter, and ¢;; is the firm’s marginal q. With perfect competition and constant returns to scale,

marginal q is equal to average Q so that:
Lit

K;

Lip = 6il + i (V(Xit, 7e, Z1) — Kit) -

=0; +7(Qy — 1), and hence

In this framework, V' corresponds to the firm’s enterprise value (i.e., the market value of the
firm’s productive assets). Using the balance-sheet identity, we can relate the firm’s enterprise

value to the market value of its liabilities:**

Vi = V(Xu,nr, Z;) = Equity,, + Debt;, — Net Working Capital,,
= Equity,, + Bonds;; + Loans;; — Net Working Capital,,.
To estimate how V}; responds to a monetary policy shock (dr;) using available market-price
data, we impose the following assumption:

Assumption 1. The market value of loans and net working capital does not respond to a monetary

policy shock:

dLoans;; ~0 and dNet Working Capital,, ~0
d'l"t drt

32This notation implicitly assumes that these time-t state variables are sufficient for characterizing the firm’s value
function V, including after a monetary policy shock of dr; (as studied below). Although we will denote a monetary
policy shock in this section by its contemporaneous effect on the interest rate, dry, this shock may also affect the
expected future path of interest rates.

%n other words, V in this framework corresponds to the market value of the firm’s tangible capital and intangible
assets, net of current assets.
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The assumption that dL‘C’l;r‘t‘s“ ~ () is justified on the grounds that most bank loans have floating
interest rates, as emphasized for example by Ippolito et al. [2018].** While monetary policy shocks
may still affect the price of credit risk and hence alter the market value of bank loans through

general-equilibrium channels, Assumption 1 abstracts from such effects. The assumption that
dNet Working Capital ;,
dry

short-duration and/or floating-rate claims.”

~ 0 is justified on the grounds that current assets and liabilities tend to be

Define W;, = Equity,, +Bonds;; as the market value of firm ¢’s portfolio of outstanding equity
and bonds at time ¢. The benefit of Assumption 1 is that it allows us to observe the change in firm
1’s enterprise value V' following a monetary policy shock dr; simply by looking at the change in

the value of firm ¢’s W portfolio (which is observable using market-price data):
dV;; = dEquity,, + dBonds;; + dLoans;; — dNet Working Capital,, = dEquity,, + dBonds;; = dW/.

Aggregating over all firms, we can calculate the overall effect of a monetary policy shock on

contemporaneous aggregate investment as follows:*

dly o dly B dVi - AWy . dVVit/th

]

where we multiply and divide by W, in the last equality to express the change in firm-level W
portfolios as a percentage response, M;Vt—/:in. We will refer to firm ¢’s response W;Vt—/:i”

return sensitivity to a monetary policy shock and, assuming it is time-invariant, denote it by ;.

as its

We will estimate 3; as the firm-specific slope of W -portfolio returns on monetary policy surprises
in Section 4.
Finally, denote by W; the aggregate market value of all firms’ outstanding equity and bonds

at time ¢. Then, scaling the aggregate investment response by the aggregate W portfolio implies:

d-[t d t ‘/I/it

where E,, [7;] is the value-weighted average investment-Q sensitivity (i.e., weighting by the rel-

%4In addition, Faulkender [2005] finds in a sample of firms in the chemical industry that 89.9% of their bank loans
were issued with floating rates, while Faria-e-Castro and Jordan-Wood [2022] document using FR Y-14Q data that
81% of bank loans to U.S. businesses (by value) had floating interest rates at the end of 2021.

%In our sample, the main current assets are cash and short-term investments, accounts receivable, and inventories
(Days Inventory Outstanding averages about two months). The main current liability (excluding short-term debt)
is accounts payable (Days Payable Outstanding also averages about two months). We again abstract from potential
general-equilibrium channels by imposing Assumption 1. See Appendix D for further details.

3We clarify that aggregate investment here refers only to the investment of the publicly traded firms that we study
empirically (details in Section 4), not the universe of all corporations in the U.S.
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ative market value of each firm’s W portfolio), E,, [3;] is the value-weighted average return sen-
sitivity to a monetary policy shock, and Cov,, (7;, 5;) is the value-weighted covariance between
individual firms’ investment-Q sensitivity and their return sensitivity to a monetary policy shock.
To avoid confusion, we quickly note that we generally expect Equation (3) to be negative—that
is, a monetary policy tightening (dr; > 0) will lead to a decrease in investment.

Equation (3) breaks down the aggregate corporate investment response into two terms. The
first term captures the investment response of the (value-weighted) average firm. This response
is the product of: (i) the value-weighted average investment-Q sensitivity, and (ii) the value-
weighted average return sensitivity to a monetary policy shock. Intuitively, E,, [3;] captures the
sensitivity of the average firm’s enterprise value to a monetary policy shock, while E,, [y;] cap-
tures the average firm’s passthrough from a change in enterprise value to a change in investment.

The second term captures the role of firm-level heterogeneity. As Equation (3) highlights,
the importance of firm-level heterogeneity depends on the covariance between individual firms’
investment-Q sensitivity and the return sensitivity of firms’ W portfolios to a monetary policy
shock.”” Intuitively, a negative covariance amplifies the aggregate response of investment to
monetary policy shocks (i.e., it makes the negative investment response more negative), because a
negative covariance implies that monetary policy shocks disproportionately affect the enterprise

value of firms with higher investment-Q sensitivities.

3.2 Estimation Strategy

Equation (3) provides a Q-theory-based framework for estimating the corporate investment
response to monetary policy surprises. Taking this framework to the data requires two separate
steps. First, we need to estimate the return sensitivity of firm-level W portfolios around mon-
etary policy surprises (i.e., 3;). Since these W portfolios are constructed using market prices,
we can leverage high-frequency identification for this first step. Second, we need to estimate
firm-level investment-Q sensitivities (i.e., 7;). As discussed in Section 2, high-frequency identifi-
cation is not suitable for studying corporate investment directly. Fortunately, a key advantage of
imposing Q-theory is that Q becomes a sufficient statistic for firm-level investment rates. This
allows us to recover firms’ investment-Q sensitivities using straightforward, low-frequency (an-
nual) investment-Q regressions. Then, by combining these two sets of estimates we will be able
to calculate the investment response to monetary policy provided by Equation (3). We implement

each of these steps in turn in Section 4.

*"The role of covariances in micro-to-macro aggregation is well-known, and has been highlighted in recent work
such as Auclert [2019] and Patterson [2023].
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4 Taking Q-Theory-Based Framework to the Data

4.1 Data Description

Return Sensitivity to Monetary Policy Surprises. When estimating the return sensitivity
of firm-level W portfolios to monetary policy surprises, our baseline measure of high-frequency
monetary policy news continues to be the monetary policy statement surprise, stmt;. For ro-
bustness, we also use the monetary policy event surprise, me;. Both measures were detailed in
Section 2, and are constructed by Acosta et al. [2025].

Recall that the W portfolio corresponds to the market value of firm 7’s outstanding equity
and bonds. For equity valuations, we use data from the CRSP US Stock Database. CRSP provides
close-to-close daily equity returns, prices, and shares outstanding for U.S. publicly traded firms.

For bond valuations, we construct a firm-level panel of outstanding corporate bonds for U.S.
publicly traded firms using Mergent FISD. This database contains characteristics of publicly of-
fered U.S. corporate bonds, including the issue date, maturity date, amount issued, principal, and
coupon. It also provides a history of the amount outstanding for each bond in the sample. We
match this sample to data from the Trade Reporting and Compliance Engine (TRACE). TRACE
provides comprehensive coverage of secondary market trades for more than 350,000 U.S. corpo-
rate bonds, including information on prices, volumes, and security identifiers. We use these data
to construct daily measures of corporate bond prices at the bond level. Together with Mergent
FISD, this allows us to construct a firm-level panel of outstanding corporate bond prices and re-
turns starting in 2002. Appendix A provides details on how we merge Mergent FISD with TRACE

to obtain this firm-level dataset.

Investment-Q Sensitivity. When estimating investment-Q sensitivities, we use firm-level ac-
counting and investment data obtained from the annual Compustat database. Compustat provides
detailed information on balance-sheet and income-statement items for the universe of publicly
listed U.S. firms.

Our working sample is constructed from the Compustat annual files from 1994 to 2023 (ex-
cluding 2020).*® We follow the same sample restrictions as in Peters and Taylor [2017]: we re-
move firms in regulated utilities (Standard Industrial Classification codes 4900-4999), financial
firms (6000-6999), and firms categorized as public service, international affairs, or non-operating
establishments (9000+). We also exclude firms with a missing or non-positive book value of assets

or sales, and firms with a book value of property, plant, and equipment below $5 million.

38 Although we observe corporate bond returns starting in 2002, we can make use of a longer time series when
estimating firms’ investment-Q sensitivities. We start in 1994 for consistency with when our monetary policy
statement surprises become available, which is also the start of the equity-only, longer-sample robustness exercise
reported in Section 4.6.

27



Analysis Sample. We require firms to have non-missing returns for at least 50 FOMC events
to estimate return sensitivities to monetary policy surprises, and we require firms to have at least
10 years of investment and Q data to estimate investment-Q sensitivities. Our baseline analysis
sample covers the approximately 2,500 firms for which we can estimate both sensitivities. As
reported in Appendix Table A.2, this sample represents 86.6% of aggregate equity and bond value
among all non-financial, non-utility Compustat firms. We also note that firms’ W portfolios tend

to be equity-dominant, with equity averaging 88% of portfolio value.

Robustness Checks: Deferred to Section 4.6. We now proceed to estimate the two sets of
inputs, 5; and +;, needed to quantify the corporate investment response to monetary policy im-
plied by Equation (3). Along the way, we will flag key robustness checks as needed, but will defer
a fuller discussion until after presenting our main estimate of Equation (3) in Section 4.6 (with
complete robustness results reported in Appendix Table A.4). By postponing a systematic ro-
bustness analysis until that stage, the reader will be better able to assess how various alternative

choices affect our final aggregate-investment estimate.

4.2 Estimating Return Sensitivity to Monetary Policy Surprises

To bring the framework from Section 3 to the data, our first step is to leverage high-frequency
identification to estimate the return on firm-level I portfolios around monetary policy surprises.
We focus on the period 2002-2023, reflecting the availability of corporate bond data required to

measure changes in enterprise value.

Firm-Level Return Sensitivity to Monetary Policy Surprises. To estimate firm-level return
sensitivities, for each firm ¢ in our sample we regress its event returns on the monetary policy

surprise across FOMC events:
Rit = a; + Bi - stmt, + €, (4)

where R;; is the two-day cumulative return on firm 7’s W portfolio of stocks and bonds at event ¢,
measured from the close of the trading day before the FOMC announcement (day —1) to the close
of the day after (day +1), and stmt, is a monetary policy statement surprise [Acosta et al., 2025];
recall that stmt, is scaled so that one unit corresponds to a one percentage point high-frequency
surprise in the one-year Treasury yield.

To construct the equity-and-bond return measure R;; in Equation (4), we measure the two-
day cumulative return on equity and bonds separately, and then take a market-value-weighted
average of the two returns (weighting each leg by its market value at the close of the trading

day before the meeting). The equity return is the two-day CRSP return, inclusive of dividends;
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the bond return is the two-day return across the firm’s traded bonds, computed from TRACE
transaction prices and inclusive of accrued interest and coupon.*” Since corporate bonds can
trade infrequently, we use the value-weighted return of a firm’s traded bonds when at least one
bond trades.* If a firm has no traded bonds, we impute the bond return using the value-weighted
“market” bond return across the sample firms that do trade.*!

We use a two-day window when measuring returns because cumulative price adjustments
following a monetary policy surprise appear to not be fully realized on the announcement day
alone. This pattern can clearly be seen in the S&P 500 panel of Figure 5. A comparable pattern
also arises for the aggregate W portfolio, as illustrated in Appendix Figure A.5.** We will utilize
a one-day window for robustness (the announcement-day return, from the close of day —1 to
the close of day 0), and find that estimated return sensitivities are directionally consistent but

generally smaller in magnitude.

Figure 6 illustrates our estimates of firm-level return sensitivities by showing a value-weighted
histogram of the @ coefficients from Equation (4). The dashed red vertical line marks the (value-
weighted) average return sensitivity to a one-unit monetary policy surprise; i.e., our estimate of
E, [8:] in Equation (3). This average return sensitivity is —0.16—meaning that a one-unit sur-
prise tightening lowers average-firm returns by 16%—which is similar in magnitude to the S&P
500 panel of Figure 5. Further summary statistics for our estimated firm-level return sensitivities,
BAZ-, are provided in Appendix Table A.2.

While there will undoubtedly be some estimation noise in our firm-level B; estimates, a cross-

%Two-day returns are compounded from the two daily returns, which we winsorize separately for stocks and bonds
at the median + 5<IQR before compounding. We apply this same median £ 5xIQR winsorization to the estimated
firm-level coefficients as well. Tightening the winsorization of the estimated firm-level coefficients to 3 XIQR leaves
the implied aggregate investment response essentially unchanged (see Appendix Table A.4).

“0We count a bond as traded if it prints on day —1, day 0, and day 1 (i.e., the three days from which the two-day
return is built).

“INote that equity plus actually-traded bonds cover about 95% of firm value (Appendix Table A.2), and the market
bond-return imputation specifically applies to only about 1.2% of value. The implied aggregate investment response
is correspondingly robust to the treatment of untraded bonds (see Appendix Table A.4).

#2Recall that the aggregate W portfolio is the value-weighted portfolio of outstanding bonds and equities issued by
all firms in our sample. The response of the aggregate W portfolio in Appendix Figure A.5 differs slightly from the
value-weighted average firm-level return sensitivity E,, [B\l] that will soon be reported in Figure 6: the former is a
single slope from a portfolio-level regression of the value-weighted W -portfolio return on the surprise, while the
latter is a value-weighted average of individual firms’ slopes. The two need not coincide because the aggregate I/
portfolio’s weights move across events, and because the panel is unbalanced.

“For more, Appendix Figure A.6 shows the response of the value-weighted portfolio of equities alone. The resulting
pattern is nearly identical to Appendix Figure A.5, reflecting the fact that, in our sample, equities account for 88%
of the market value of the aggregate W portfolio. Appendix Figure A.7 reproduces the same event-study analysis
for the value-weighted portfolio of corporate bonds in our sample. The bond portfolio exhibits a more pronounced
pre-announcement drift, consistent with our findings in Section 2 that, in the days leading up to FOMC meetings,
yields tend to rise prior to surprise tightenings. Finally, Appendix Figure A.8 replicates the event study in Appendix
Figure A.5 but with the addition of controls. Consistent with the analysis in Section 2.4, we again find that our
high-frequency (two-day) return estimates exhibit minimal sensitivity to the inclusion of various controls.
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Figure 6: Value-Weighted Histogram of Firm-Level Return Sensitivity Estimates
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Note: This figure plots the value-weighted distribution of the firm-level return sensitivities B\l estimated one slope
per firm from Equation (4) over our 2002-2023 sample. Each firm is weighted by its average share of the sample’s
aggregate market value (equity plus bonds) across events, so the height of each bin equals the combined market-value
share of the firms whose @ falls in it, and the bin heights sum to one. The dashed red line marks the value-weighted
mean, E,, [@] = —0.16; the thin dashed line marks zero. Return sensitivities are winsorized at the median + 5 xIQR.

validation exercise shows that they nonetheless capture meaningful heterogeneity in return sen-
sitivity. We sort firms into bins by their BZ estimated on a training subset of FOMC events, and
then estimate the realized return-shock slope of each bin on held-out events that were not used to
form the bins. As shown in Appendix Figure A.9 (which describes the procedure in full), firms in
bins with more negative B\ estimates also exhibit stronger sensitivity in the held-out events, sub-
stantiating the conclusion that our estimates capture persistent heterogeneity rather than noise.

We again note that robustness exercises are deferred until Section 4.6. For our firm-level
return sensitivity estimates, we explore robustness to (among others): the addition of controls
(echoing the analysis in Section 2.4), reweighting to reduce the influence of large firms, using
the broader monetary policy event surprise measure (me;), and using a one-day return window
instead of our baseline two-day window. Using a one-day window roughly halves the investment
response implied by Equation (3)—this attenuation follows from the S&P 500 panel of Figure 5,
which shows that only about half of the overall return response occurs on the announcement

day. Otherwise, these alternatives have only modest effects on our quantification of Equation (3).

4.3 Estimating Investment-Q Sensitivity

Firm-Level Investment-Q Sensitivity. The next step in taking the framework from Section

3 to the data is to estimate firms’ investment-Q sensitivities. Our sensitivity measure comes from
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estimating firm-specific slopes from a panel regression of investment on Q:

I;
Kitfl

= + i - Qi1 + 0j¢ + €3, (5)

where I;;/ K;;_; is the investment rate, ();;—; is lagged Tobin’s Q, cv; are firm fixed effects, and §;;
are industry x year fixed effects that absorb time-varying sector shocks (based on the Fama-French
49-industry classification).** A key motivation for these fixed effects is that measured (gross)
investment reflects not only the firm’s response to investment opportunities—captured by Q—but
also the replacement of depreciated capital. That is, Q is a sufficient statistic for the investment
rate only up to a depreciation (replacement) term. Because depreciation rates vary across firms
and, through asset composition, across industries over time—and may be correlated with Q—firm
fixed effects absorb persistent cross-firm differences in depreciation while industry xyear fixed
effects absorb sector-level movements in depreciation over time.

We evaluate two different versions of the investment ratio in Equation (5). The first uses
a tangible investment ratio (capital expenditures scaled by lagged tangible assets).*> The second
uses a total investment ratio that includes intangibles, following Eisfeldt and Papanikolaou [2013]
and Peters and Taylor [2017].%

To illustrate firm-level investment-Q sensitivities, Figure 7 presents value-weighted histograms
of the 7; coefficients from Equation (5). In each panel, the dashed red vertical line marks the
(value-weighted) average investment-Q sensitivity; i.e., our estimate of E,, [y;] in Equation (3).
For standard (tangible) investment and total investment, respectively, the average investment-
Q sensitivity is 0.017 and 0.031. To interpret these magnitudes, a one-unit increase in a firm’s
Tobin’s Q is associated with a rise in its annual investment rate of 1.7 percentage points for stan-
dard investment and 3.1 percentage points for total investment. Further summary statistics for
our estimated investment-Q sensitivities, 7;, are provided in Appendix Table A.3.

While there will again be noise in firm-level 7; estimates, a cross-validation exercise shows
that they capture meaningful heterogeneity in investment-Q sensitivity. Using a leave-one-year-
out design, we sort firms into bins by their 7; estimated on the other years, and then estimate the

realized investment-Q slope of each bin on the held-out year that was not used to form the bins.

“The Q-theory framework in Section 3 is in continuous time, so adjusted timing assumptions are needed here to
estimate the model with annual data.

“Specifically, I;; in this case corresponds to capital expenditures (capx in Compustat); K;;_1 is the lagged physical
capital stock, measured as the book value of property, plant, and equipment (Compustat item ppegt); (;:—1 is
defined as the ratio of the firm’s enterprise value to its physical capital stock, where enterprise value is measured as
the market value of outstanding equity (Compustat items prcc_f x csho), plus the book value of debt (Compustat
items d1tt + d1lc), minus the firm’s current assets (Compustat item act).

“In this case, total investment corresponds to the sum of capital expenditures plus investment in intangible capital,
defined as R&D + (0.3 x SG&A); total capital corresponds to the book value of tangible assets plus the replacement
cost of intangible capital provided by Peters and Taylor [2017]; total Q corresponds to the standard Tobin’s Q but
normalized by total capital instead of tangible capital.
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Figure 7: Value-Weighted Histogram of Firm-Level Investment-Q Sensitivity Estimates
(a) Standard Investment (b) Total Investment
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Note: This figure plots the value-weighted distribution of the firm-level investment-Q sensitivities 4; estimated from
Equation (5); panel (a) uses the standard (tangible) investment measure and panel (b) the total-investment measure of
Peters and Taylor [2017]. In each panel, firms are weighted by their average share of the sample’s aggregate market
value (equity plus bonds), so the height of each bin equals the combined market-value share of the firms whose 7;
falls in it, and the bin heights sum to one. The dashed red line marks the value-weighted mean E,,[7;]: 0.017 in panel
(a) and 0.031 in panel (b); the thin dashed line marks zero. Sensitivities are winsorized at the median + 5xIQR.

As shown in Appendix Figure A.10 (which describes the procedure in full), firms in high-7 bins
exhibit stronger investment-Q sensitivity in the held-out year, substantiating the conclusion that
our estimates capture persistent heterogeneity rather than noise.

When examining robustness in Section 4.6, we will explore (among others): reweighting to
reduce the influence of large firms, re-estimating firm-level v coefficients under coarser fixed-
effects specifications, and estimating 7y coeflicients in industry x size cells rather than at the firm

level. These alternatives have only modest effects on our quantification of Equation (3).

4.4 Aside: Evaluating Firm-Level Q-Theory Performance

Because our sufficient-statistics framework relies on Q-theory as a model of firm investment,
we now assess the explanatory power of Q-theory for firm-level investment in our sample.

Before presenting the results, we emphasize a distinctive feature of our implementation of
Q-theory, which is that we estimate the ; coefficients separately for each firm. That is, we allow
each firm to have its own investment-Q sensitivity. We refer to this empirical implementation
as firm-level Q-theory. As we detail below, our firm-level implementation turns out to be quite
important for improving Q-theory’s explanatory power.

Starting with an in-sample evaluation of Q-theory for firm-level investment, Table 5 presents
various R? metrics for the regression in Equation (5). We report each metric for both investment
measures and for two specifications: our baseline heterogeneous-y model (in which every firm

has its own slope 7;), and a homogeneous-y benchmark that imposes a single common slope.
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Both specifications include firm and industry xyear fixed effects. In the heterogeneous-vy case
the firm-specific slopes are estimated jointly in a single regression, and every R? we report is the
adjusted R? so that the additional slopes are penalized for the degrees of freedom they consume.

Table 5 decomposes the total R? into three related metrics. First, the restricted R? captures
the baseline fit obtained from a fixed-effects-only regression that excludes the focal regression
term, ;- Q;;—1. Next, the incremental R? is defined as the difference between the total R? and the
restricted 12, thus capturing the explanatory power from adding the regression term ; - Q1.

Finally, the partial R? rescales the incremental R? to capture the share of remaining variation

Incremental R?
1—Restricted R?°

thereby rescaling the incremental R? by the residual variation left unexplained by the restricted

accounted for by the added regression term. Specifically, the partial 22 is defined as

model alone.

There are two main takeaways from Table 5. First, our firm-level Q-theory model accounts for
a considerable portion of the variation in firm-level investment. Indeed, our baseline heterogeneous-
7 specification achieves partial R* values of 29% and 40%, respectively, for standard and to-
tal investment. Second, by comparing the heterogeneous-y columns to the homogeneous-v
columns, Table 5 illustrates the added explanatory power from allowing firms to have their own
investment-Q sensitivity. The partial R? roughly doubles for both standard and total investment,
implying that our firm-level implementation of Q-theory substantially improves its explanatory

power.

Table 5: In-Sample Performance of Firm-Level Q-Theory

Standard investment Total investment

Het. ~ Hom. Het. v Hom. vy

Total R? 53% 43% 69% 59%
Restricted R? 34% 34% 48% 48%
Incremental B2  19% 10% 21% 12%
Partial 2 29% 15% 40% 22%
F-test p-value 0.000 0.000

Observations 51,697 51,697 51,697 51,697

Note: This table reports adjusted R? statistics for the firm-level Q-theory investment regression in Equation (5),
shown for standard (tangible) and total investment and, within each, for our baseline heterogeneous- specification
(firm-specific slopes) and a homogeneous-y benchmark (a single common slope). All regressions include firm and
industry x year fixed effects. The restricted R? comes from a fixed-effects-only model that omits the v; Q;;_1 term;
the incremental R? is the total minus the restricted; and the partial R? rescales the incremental by the variation the
restricted model leaves unexplained. The F-test p-value (heterogeneous-vy columns) is for the joint significance of
the firm-specific slopes against the homogeneous benchmark. The regressions use firm-year observations from our
baseline analysis sample, which is defined in Section 4.1.
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Next, we look out of sample to evaluate the extent to which our firm-level 7; coefficients
predict firm investment. To do so, we perform a different version of a leave-one-year-out exercise,
as follows. For each year ¢ in our sample, we estimate firm-specific slopes 4; from Equation (5)
after excluding all year-¢ investment observations from the estimation. We also compute training-
sample means [; and Q; for each firm using only the training years. We require at least 10 years
of non-missing data per firm.

For each held-out year ¢, we compare the actual demeaned investment of I;;/K; 1 — I; to
the training-sample prediction for demeaned investment, 7; x (Q;_1 — Q;).*” Specifically, we
stack all held-out year observations and plot binned scatter plots of actual demeaned investment
against predicted demeaned investment. Importantly, the 7; estimates used for predicting year-t
investment are obtained from regressions that exclude year-t¢ investment observations, ensuring
a genuinely out-of-sample test.

Figure 8 displays the results. Panel (a) uses standard investment and Panel (b) uses total in-
vestment. In both cases, the binned scatter plots reveal a tight, approximately linear relationship
between predicted and actual demeaned investment with slopes that are close to one. More-
over, the out-of-sample R? values of 22% and 31% indicate substantial explanatory power. This
justifies our use of Q-theory as a simple—but nonetheless realistic—model of firm investment.

For more, Appendix Figure A.11 provides the corresponding analysis under the restriction
that firm-level v coefficients are homogeneous. The out-of-sample fit clearly suffers when firm-

level heterogeneity is removed.

4.5 Estimating Sensitivity Covariance

The next step in quantifying Equation (3) is to combine our estimates of firms’ return sensitiv-
ities with firms’ investment-Q sensitivities in order to estimate the covariance term, Cov,, (;, 5;),
which captures the role of firm-level heterogeneity. In particular, Equation (3) implies that the
investment response to monetary policy will be amplified if the firms with larger-magnitude re-
turn sensitivities (i.e., more negative) are also the firms with higher investment-Q sensitivities;
that is, if Cov,, (i, 8;) < 0.

We evaluate this covariance channel by estimating:
Bi=atb-%i+e (©)

where B\Z is firm 4’s return sensitivity to monetary policy surprises and 7; is its investment-Q
sensitivity. All regressions are weighted by the firm’s average share of the aggregate W portfolio

across FOMC events. Because both /3’@ and 7; are estimated rather than observed, we compute

“"When predicting investment, we do not include industry x year fixed effects because doing so would require using
outcomes from the held-out year.
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Figure 8: Out-of-Sample Investment Predictability
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Note: Each panel shows the out-of-sample fit of firm-level Q-theory from the leave-one-year-out exercise described
in the text. For each held-out year we predict a firm’s demeaned investment as 7; x (Q;;—1 — Q;), where 7; is the
firm’s slope estimated on the remaining years and I;, Q; are training-sample means; actual demeaned investment is
Iiy/Kip—1 — I,. We winsorize the actual and the predicted demeaned investment at the median 4 5XxIQR, pool all
held-out observations, sort them into 50 equal-sized bins by predicted investment, and plot bin averages of actual
(y-axis) against predicted (x-axis) investment. The dashed line is the 45-degree line; the reported out-of-sample R>
and slope are computed from the underlying, unbinned observations. Panel (a) uses standard (tangible) investment
and panel (b) total investment.

standard errors via bootstrap.*®

We also note that although BAZ and #; are likely estimated with noise, such noise should not bias
our estimate of the covariance term as long as the noise is not systematically related across the two
estimates.*” Since our firm-level coefficients B\l and 7; are estimated from different data sources
and rely on distinct identifying variation, this mitigates the concern that our covariance estimate
primarily reflects correlated estimation error rather than true underlying heterogeneity.*

Before presenting regression estimates for Equation (6), Figure 9 provides a visualization by
showing binned scatter plots of return sensitivity against investment-Q sensitivity. We sort firms
into 50 bins based on their 7; estimate and plot the value-weighted average B\, within each bin
against the value-weighted average 7;. The size of each point reflects the total value-weight of
the firms in that bin. Panel (a) uses standard investment to measure investment-Q sensitivity,

while Panel (b) uses total investment. Both panels reveal a clear negative relationship: firms in

“We resample firms with replacement, re-estimate both @ and 4; in each bootstrap iteration, and run regression
(6) on the bootstrapped sample. The standard deviation of the coefficient across bootstrap replications provides a
standard error that accounts for the generated regressor problem.

*More fully, denote Bi = Bi+e? and 7; = 7;+e¢, . Then, our estimate Cov,, (7;, B\l) approximates the true covariance
Cova (7, Bi) as long as Covy, (i, €2) = Coviy (€7, B;) = Covyy (€7, €7) = 0.

In addition, our covariance estimate generally remains stable across the robustness checks reported in Appendix
Table A .4, including the specification that uses a bootstrap-adjusted covariance estimate.
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higher-v bins also tend to have returns that are more sensitive to monetary policy surprises.

Figure 9: Return Sensitivity and Investment-Q Sensitivity
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Note: Each panel plots value-weighted bin averages of return sensitivity to monetary policy (,@, y-axis) against
investment-Q sensitivity (7;, x-axis). Firms are sorted into 50 bins based on 4;. Point size reflects the total -
portfolio value of the firms in each bin.

Now turning to the regression estimates for Equation (6), Table 6 presents our main result on
the role of firm-level heterogeneity in shaping the corporate investment response to monetary
policy. For both standard investment and total investment, the regression coefficient is negative
and statistically significant, indicating that firms whose investment is more responsive to changes
in Q also have a W portfolio that is more sensitive to monetary policy surprises. The bottom
row of Table 6 reports the weighted covariance between 4; and ﬁ,, computed as Cov,, (7, ﬁz) =
bx Var,, (7i). From Equation (3), this negative covariance implies an amplification effect stemming

from firm-level heterogeneity.
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Table 6: Return Sensitivity and Investment-Q Sensitivity: Covariance

Standard investment Total investment

o -0.90*** -0.34***
(-6.12) (-3.08)
Constant -0.15*** -0.15%**
(-18.63) (-19.79)
Observations 2,517 2,517
R? 0.064 0.021
100 x Covy, (y B;-) -0.09 -0.08

Note: This table reports estimates from cross-sectional regressions of return sensitivity (B\Z—) on investment-Q sensi-
tivity (9;). Regressions are value-weighted by the firm’s share of the aggregate W portfolio. ¢-statistics in parentheses
are based on bootstrap standard errors that account for the generated regressor problem. ***, **, and * denote sig-
nificance at the 1%, 5%, and 10% levels. Column 1: investment-Q sensitivity estimated using standard investment
and standard Q. Column 2: investment-Q sensitivity estimated using total investment and total Q. Cov,,(7;, ,@;) is

the value-weighted covariance, computed as coefficient x Var,, (7;).

4.6 Quantification: Corporate Investment Response to Monetary Policy

We are now ready to quantify the effect of monetary policy on corporate investment implied
by Equation (3). Recall that:

dl/dr
;{/ L =Ky [] X Ew [81] + Covy (i, 1) -
t
Using our baseline specification for standard investment, we estimate that E,, [;] = 0.017

(Figure 7), E,, [3;] = —0.16 (Figure 6), and Cov,, (v;, 8;) = —0.00085 (Table 6), so that:

d[t/drt
Wi

= 0.017 x —0.16 + (—0.00085) = —0.36%.

Our analysis therefore implies that a one-unit monetary policy tightening reduces tangible in-
vestment by 0.36% of the value of the aggregate W portfolio (0.58% for total investment). Of this
effect, about 24% (13% for total investment) is driven by the firm-level heterogeneity captured by
the covariance term.

For interpretability, these investment responses can also be scaled relative to GDP and relative
to firm capital. For GDP, since the aggregate I portfolio is roughly 0.9-times U.S. GDP over
our sample period, we estimate that a one-unit tightening corresponds to an annual investment
reduction of about 0.33% of U.S. GDP (0.53% for total investment).”® Recall that this investment

> Although we find the scaling relative to GDP helpful for intuition, we nonetheless note that neither of our invest-
ment measures corresponds one-for-one with investment as defined in the national accounts.
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response only corresponds to the firms in our sample, which account for 86.6% of the market
value of all non-financial, non-utility Compustat firms. Applying the same per-dollar investment
response to all non-financial, non-utility Compustat firms would imply an annual investment
reduction of about 0.38% of U.S. GDP.

For capital, since the aggregate W portfolio is roughly 2.59-times the gross book value of
physical capital for the firms in our sample, we estimate a fall in the aggregate investment rate
(I/K) of 0.93% (0.76% for total investment).*

Finally, it is worth noting that our GDP and capital scalings are sensitive to the valuation
date, as corporate market values have grown substantially over our sample period. Measured at
end-of-sample (2023) valuations—when the aggregate 11 portfolio had risen to about 1.1-times
U.S. GDP and 3.28-times the gross book value of physical capital—the same per-dollar investment
response would instead correspond to 0.40% of U.S. GDP and 1.18% of capital.”®

Robustness. In Appendix Table A.4 we repeat the quantification of Equation (3) under a broad
range of alternative estimation assumptions, which we describe below. Each row of Appendix
Table A.4 varies only the ingredient(s) named in the row or panel heading, and holds the rest at
baseline. Across all of these alternatives, the implied aggregate response for tangible investment
stays between roughly —0.14% and —0.50% of GDP. This suggests that our conclusions are not

an artifact of any single modeling choice.

We start by examining robustness to our return-sensitivity estimates. In Panel A of Appendix
Table A.4—which echoes the analysis in Section 2.4—we confirm that our high-frequency B\l es-
timates are not sensitive to the addition of the controls used therein.

In Panel B, we examine robustness to our monetary surprise measure by replacing the statement-
surprise series with the broader monetary-event surprise series (me;) of Acosta et al. [2025], and
by dropping all financial-crisis events (August 2007-June 2009). Next, we measure returns over
a one-day window rather than our baseline two-day window. Finally, we estimate returns using
an equity-only sample in order to exploit the statement-surprise series’ availability back to 1994
(recall that our corporate bond data starts in 2002).>*

In Panel C, we revisit how we handle the return on non-traded corporate bonds (see Section
4.2 for details on our baseline bond-return measure). First, rather than using the value-weighted
market bond return for firms with no traded bonds, we now treat the bonds of no-trade firms

as unchanged in value. Second, we impute nothing at all, and hold every untraded bond’s value

>2The aggregate W portfolio is roughly 1.32-times total capital for the intangibles-inclusive measure.

53This comparison presumes that the estimated sensitivities are stable over time, an assumption for which we provide
a preliminary assessment in Appendix Table A.4 via an early- versus late-sample split—our estimates change only
modestly across the two periods.

Specifically, we assume that bond values are unchanged around announcements and we weight firms by their
equity market value alone.
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fixed.

With the exception of the one-day return window, our estimates across Panels A, B, and C
exhibit minimal sensitivity. The one-day return window roughly halves the implied investment
response, which—as discussed in Section 4.2—is natural given that only about half of the overall

return response occurs on the announcement day.

Next, Panel D of Appendix Table A.4 studies the robustness of our investment-Q sensitivity
estimates by perturbing the fixed-effects structure of the investment-Q regression in Equation (5).
First, we replace the industry x year fixed effects with year fixed effects only. Second, we drop the
year fixed effects as well.

Panel D suggests that the fixed-effects structure does have some impact on our investment
estimate, albeit a modest one, with each of these coarser fixed-effects specifications yielding a

somewhat stronger investment response.

Finally, Appendix Table A.4 reports robustness to assumptions that apply jointly to our return-
sensitivity estimates and our investment-Q sensitivity estimates. In Panel E, we replace our firm-
level estimates of 3 and y with estimates computed at the Fama-French-49 x size-decile cell level,
which is a less granular unit of analysis.

In Panel F, we relax our baseline sample restrictions by lowering the floor on FOMC meetings
(which binds on () from 50 to 25, by lowering the floor on investment-Q years (which binds on
«v) from 10 to 5, and then by estimating each sensitivity on its own largest sample by applying the
meeting-count floor only to 4 and the investment-year floor only to 7, so that neither restriction
constrains the other’s estimate.”

Panel G gathers the remaining checks. The first four rows of Panel G focus on reducing the in-
fluence of noisily estimated sensitivities and heavily weighted firms. We start by tightening every
winsorization from 5xIQR to 3XIQR. Next, we shrink each BAZ and 7; toward its cross-sectional
mean using an empirical Bayes procedure, so that imprecisely estimated coefficients are pulled
more strongly toward the mean.”® Third, the value-weighted nature of our aggregates makes
them potentially sensitive to a small number of very large firms (i.e., a granularity concern). We
therefore cap each firm’s value-share at the 95th percentile of the weight distribution (winsoriz-
ing the upper 5% of weights), renormalize so the weights sum to one, and re-estimate the ag-
gregate moments. Fourth, we apply both adjustments simultaneously—shrinking the sensitivity
estimates and winsorizing the firm weights—which jointly guards against the most problematic

case of a heavily weighted firm whose sensitivity is also noisily estimated. Panel G then turns to

In this case, E,, [BAT} and E,, [¥;] are each computed on their own sample, with weights renormalized within that
sample. The covariance term is computed for the firms that carry both estimates.

STetting B; denote the OLS estimate and 5; its standard error, the shrunk estimate is \;3; + (1 — \;)3, where
\i = 72/(72 + 52) depends on the ratio of cross-sectional variance 72 to estimation variance 7. The shrunk
estimate for 4; is calculated similarly.
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examining time variation by estimating the investment response on the early and late halves of
the sample, respectively. Finally, we address the concern that the covariance term we estimate
could suffer from a finite-sample bias if BAZ and 7; are estimated with error. We gauge this bias
with a year-level cluster bootstrap that re-estimates both sensitivities on resampled years: the
difference between the mean bootstrap covariance and the observed covariance estimates this
bias, which we then subtract from the observed covariance. The bias-adjusted covariance leaves
the aggregate response essentially unchanged, validating that the heterogeneity channel is not
an artifact of estimation noise.

Across all of the joint robustness exercises in Panels E, F, and G, we again see that our in-
vestment estimates tend to vary only modestly, and the qualitative interpretation of our results

appears robust across all robustness checks.

5 Conclusion

This paper makes two main contributions. First, we document a business-cycle endogene-
ity problem that arises when high-frequency monetary policy surprises are used outside of the
narrow announcement windows in which they are constructed. Specifically, we find that these
surprises are systematically related to pre-existing interest-rate dynamics, which undermines the
causal interpretation of monetary policy event studies that use these surprises to estimate lower-
frequency responses.

Second, we develop and implement a novel Q-theory-based framework for estimating the
corporate investment response to monetary policy. This framework preserves high-frequency
identification when estimating the effect of monetary policy on firm valuations, and then uses Q-
theory to map from valuation changes to investment changes. Our baseline estimate implies that
a one-unit monetary policy tightening reduces annual (tangible) investment by 0.33% of GDP
for the firms in our sample, or roughly 0.38% of GDP if extrapolated to all non-financial, non-
utility public firms. In future research we intend to investigate why the firms with larger return
sensitivities to monetary policy are also the firms with larger investment-Q sensitivities, as this

covariance is central to the heterogeneity-driven amplification effect that we uncover.
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A Details on Data Construction

We combine Mergent FISD, the WRDS TRACE Enhanced Clean file, Compustat, and the Bond-
Compustat linker from Fang [2025] to obtain a firm-bond-day dataset with bond-level information
on outstanding amounts, coupon payments, and secondary market prices.

The sample covers all corporate and corporate-linked debt instruments in FISD observable
in TRACE. This includes corporate debentures and notes (including medium-term notes and re-
tail notes), short-term instruments (commercial paper and corporate notes), zero-coupon and
payment-in-kind bonds, callable bonds, covered and other structured corporate debt, and debt-
like preferred and hybrid capital securities (including preferred stock-type issues and trust pre-
ferred/capital securities). We exclude bonds issued in foreign currency.

We start from the full Mergent FISD database, using the ISSUE, REDEMPTION, COUPON, and
AMT_OUT_HIST tables to recover bond characteristics and the evolution of amounts outstanding.
For each bond, we construct a time series starting from the offering date and ending at maturity
date. The resulting panel is merged with the AMT_OUT_HIST table to attach historical informa-
tion on outstanding amounts. The outstanding amount series is forward-filled between reporting
dates within issue; when outstanding is missing in the issuance month it is anchored to the offer-
ing amount, and negative outstanding entries in subsequent action records are recoded to zero.

The bond panel is linked to contemporaneous firm identifiers using the monthly linker de-
veloped by Fang [2025]. The linker maps issuer CUSIPs to Compustat GVKEYs in real time,
explicitly accounting for subsidiary issuance, time-varying parent-subsidiary relationships, and
cases in which bond issuer identifiers differ from equity issuer identifiers. See Fang [2025] for
details on the construction and coverage of the linker.

The firm-bond-day panel is matched by bond CUSIP with secondary-market prices obtained
from the WRDS TRACE Enhanced Clean files, which implement the transaction-level cleaning
procedure described in Dick-Nielsen [2009, 2014], notably addressing cancellations, corrections,
reversals, and double counting, and harmonize reporting across the February 6, 2012 TRACE
system change. Cleaned transactions are aggregated to the bond—-day level by computing trade-
size-weighted average prices by execution date. Observations dated prior to the bond’s offering
date are excluded. These daily prices are merged with FISD bond identifiers and coupon informa-
tion, in order to reconstruct each bond’s coupon schedule and compute accrued interest on each
trading day. Fixed-coupon bonds with missing or inconsistent coupon information are dropped,
as accrued interest cannot be reliably computed for these observations. Accrued interest is com-
puted per $100 of par using settlement-date accrual (T+2 with weekend adjustment), the bond’s
stated day-count convention when available, and explicit treatment of irregular first coupon pe-
riods, defaulting to a 30/360 convention when the day-count basis is not reported. Combining

accrued interest with daily clean prices yields full bond prices at the bond-day level. Missing
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daily prices within a bond’s life are forward-filled to measure the size of the market value of

firms’ outstanding bond debt and are not used to compute returns.
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B Additional Tables

Table A.1: Description of Monetary Policy Surprise Series

Shock Sample Notes

Raw shocks:

Acosta et al. [2025] statement (stmit) 1994Q1-20230Q4

Acosta et al. [2025] monetary event (me) 19940Q1-2023Q4

Bauer and Swanson [2023] (mps) 1988Q1-2023Q4

Bu et al. [2021] 1994Q1-2020Q1

Gorodnichenko and Weber [2016] 1990Q1-2009Q4

Giirkaynak et al. [2005] target 1995Q1-2023Q4 Extended by Acosta et al. [2024]
Giirkaynak et al. [2005] path 1995Q1-2023Q4 Extended by Acosta et al. [2024]
Nakamura and Steinsson [2018] 1995Q1-2023Q4 Extended by Acosta et al. [2024]
Romer and Romer [2004] 1988Q1-2007Q4 Extended by Wieland and Yang [2020]
Orthogonalized shocks:

Acosta et al. [2025] statement (stmt') 19940Q1-2023Q4

Acosta et al. [2025] monetary event (mel) 1994Q1-2023Q4

Bauer and Swanson [2023] (mps) 19880Q1-2023Q4

Miranda-Agrippino and Ricco [2021] (IV1)  1990Q1-2009Q4

Note: This table provides further details on the monetary policy surprise series used in Tables 2 and 3. The sample
start date for each series is based on data availability (except for Romer and Romer [2004], which is cut off in 1988Q1
to align with Bauer and Swanson [2023]), and the sample end date is set to 2023Q4 unless the series ends earlier.
Across all series, we again exclude the post-9/11 meeting and the COVID-19 period.
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Table A.2: Return-Sensitivity () Estimation: Summary Statistics

N Mean E,[] SD. Min P25 Median P75 Max

Panel A. Estimated return sensitivity

B\i 2,517 -0.21 -0.16 0.17 -1.08 -0.32 -0.21 -0.11 0.54
Panel B. Regression variables
Two-day return R;; (%) 322,799 0.16 4.35 -27.38 -1.87 0.02 2.02 31.75
Policy surprise stmt; 170 0.003 0.030 -0.148 -0.008 0.005 0.016  0.090
Panel C. Sample and W -portfolio composition
Sample 2,517 firms, 170 FOMC events, 2002-2023 (avg. 128 events/firm)
Firms with @ <0 91% of firms, 97% of W -portfolio value
End-2023 W -portfolio value $32.8 trillion

Equity 88% of W -portfolio value

Equity + traded bonds 95% of W -portfolio value

+ within-firm imputed bonds ~ 99% of W -portfolio value
Coverage of Compustat universe 86.6% of non-financial, non-utility universe W value (2,517 of 6,663 firms)

Note: B\Z is the slope from regressing firm i’s two-day W -portfolio return on the monetary policy surprise (Equa-
tion (4)), winsorized at the median +5xIQR, on the baseline sample. Mean, S.D., and percentiles are across firms;
E,, [-] is the value-weighted mean (the aggregation input). Value shares are each firm’s average share of the sample’s
equity-plus-bond value across events.

Table A.3: Investment-Q () Estimation: Summary Statistics

N Mean E,[] SD. Min P25  Median P75 Max
Panel A. Estimated investment-() sensitivity
’?i, standard investment 2,517 0.028 0.017 0.041 -0.131 0.006 0.017 0.036 0.165
’%, total investment 2,517 0.048 0.031 0.070 -0.259 0.013 0.039 0.072 0.336
Panel B. Regression variables
Investment rate I/K, standard 51,697 0.13 0.13 -0.04 0.05 0.09 0.16 0.76
Investment rate I /K, total 51,697 0.17 0.13 -0.02 0.09 0.13 0.20 0.88
Tobin’s @, standard 51,697 3.7 4.8 -14.3 0.7 1.7 4.8 16.7
Tobin’s @, total 51,697 1.2 1.4 -4.5 0.4 0.8 1.5 5.9
Panel C. Sample
Sample 2,517 firms, 51,697 firm-years, 1994-2023, excl. 2020 (avg. 21 years/firm)
Firms with 4; > 0, standard 88% of firms, 82% of W -portfolio value
Firms with 4; > 0, total 85% of firms, 78% of W -portfolio value

Note: 4; is the firm-specific slope from the investment-Q sensitivity regression (Equation (5)) with firm and
industry xyear fixed effects, winsorized at the median +5xIQR. Standard investment uses tangible capital; total
investment adds intangibles following Peters and Taylor [2017]. E,,[-] is the value-weighted mean; I /K and @ are
the regression variables.
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Table A.4: Quantification of the Aggregate Investment Response: Robustness

Investment-Q) Return
sensitivity () sensitivity (3) Covariance Total response

#  Specification Ew [7i] Ny E.[8i] Ng Covuw (i, Bi) %o W % GDP % K
Baseline specification

1 Standard investment (baseline) 0.017 2,517 -0.16 2,517 -0.00085 -0.36% -0.33% -0.93%

2 Total investment (+intangibles) 0.031 2,517 -0.16 2,517 -0.00075 -0.58% -0.53% -0.76%
Panel A. Controls in the return-sensitivity regression

3 8 lags of 1-year Treasury yield changes 0.017 2,517 -0.17 2,517 -0.00078 -0.36% -0.33% -0.94%

4 4 lags of GDP, inflation, unemp. 0.017 2,517 -0.16 2,517 -0.00076 -0.35% -0.32% -0.90%

5 Bauer-Swanson controls 0.017 2,517 -0.18 2,517 -0.00062 -0.36% -0.33% -0.93%

6 All controls 0.017 2,517 -0.18 2,517 -0.00076 -0.38% -0.35% -1.00%
Panel B. Alternative return-sensitivity measurement

7 Monetary-event surprise (me) 0.017 2,517 -0.15 2,517 -0.00066 -0.32% -0.29% -0.83%

8 Statement surprise, excl. GFC 0.017 2,517 -0.17 2,517 -0.00077 -0.37% -0.34% -0.95%

9 One-day return window 0.017 2,517 -0.08 2,517 -0.00027 -0.15% -0.14% -0.40%
10  Equity only, longer sample (1994-2023) 0.016 3,018 -0.17 3,018 -0.00082 -0.37% -0.29% -1.65%
Panel C. Treatment of firms with untraded bonds
11 Impute firm’s own bond return only 0.017 2,517 -0.17 2,517 -0.00092 -0.37% -0.34% -0.94%
12 Actually-traded bonds only 0.016 2,517 -0.17 2,517 -0.00099 -0.37% -0.33% -0.93%
Panel D. Fixed effects in the investment-Q sensitivity regression
13 Only firm and time FEs 0.021 2,517 -0.16 2,517 -0.00090 -0.43% -0.40% -1.12%
14 Drop time & industry X time FEs 0.023 2,517 -0.16 2,517 -0.00085 -0.46% -0.43% -1.20%
Panel E. Alternative unit of analysis for estimating the sensitivities
15 Size X industry cells 0.012 2,517 -0.18 2,517 -0.00026 -0.24% -0.22% -0.63%
Panel F. Relaxing the sample restrictions
16 Fewer FOMC meetings (25+) 0.017 2,857 -0.16 2,857 -0.00078 -0.35% -0.33% -0.91%
17 Fewer investment-Q years (5+) 0.017 3,107 -0.16 3,107 -0.00090 -0.37% -0.35% -0.94%
18 [ & v on own sample restrictions 0.017 3,017 -0.17 3,282 -0.00088 -0.37% -0.38% -0.99%
Panel G. Other: winsorization, shrinkage, sub-periods, estimation error
19 Coefficient winsorization at 3 X IQR 0.016 2,517 -0.16 2,517 -0.00077 -0.33% -0.31% -0.87%
20 Shrink both (empirical Bayes) 0.014 2,517 -0.16 2,517 -0.00046 -0.28% -0.25% -0.71%
21 Winsorize firm value weights 0.023 2,517 -0.20 2,517 -0.00085 -0.54% -0.50% -1.39%
22 Shrink both + winsorize value weights 0.018 2,517 -0.19 2,517 -0.00043 -0.38% -0.36% -1.00%
23 Early half of sample 0.026 1,556 -0.15 1,556 -0.00026 -0.41% -0.29% -1.01%
24 Late half of sample 0.015 1,482 -0.17 1,482 -0.00054 -0.31% -0.26% -0.80%
25 Covariance adjusted for estimation error 0.017 2,517 -0.16 2,517 -0.00080 -0.35% -0.33% -0.92%

Note: Each row re-estimates the implied aggregate investment response E,,[7] - E,,[3] + Covy, (7, 8), varying only
the ingredient named in the row or panel heading and holding the rest at baseline (row 1, standard investment). The
“Total response” columns express it as a share of the covered portfolio W (% W) and rescaled by W/GDP and W/ K
on each row’s own sample. IV, and Ny are the - and 3-sample firm counts, equal except in the row where 3 and
are each estimated on their own sample restrictions. See Section 4.6 for further description of each row.
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C Additional Figures

Figure A.1: Predictability of Quarterly Monetary Policy Statement Surprises: Cumulative R?
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Note: We estimate the predictive regressions: stmt; = o + Zle ﬁl(yii)l — yt(lf)lfl) + €; using various lags up to
k = 19. stmt, is the monetary policy surprise in quarter ¢, which is the sum of all the monetary policy statement
surprises from Acosta et al. [2025] over quarter . yt(l) is the one-year Treasury zero-coupon bond yield in quarter
t. The figure reports the R? of this regression against k, the number of lags used to forecast the monetary policy

surprise.

Figure A.2: Path of One-Year Yield Around Monetary Policy Statement Surprise: Monthly Frequency
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Note: This figure plots the sequence { Bh}%():720 estimated from Equation (1). Monetary policy statement surprises

come from Acosta et al. [2025]. The outcome variable is the change in the one-year (y,gl)) Treasury zero-coupon

bond yield. Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard errors.
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Figure A.3: Monetary Policy Statement Surprises and Interest Rates: Time Weighting
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Note: This figure plots the sequence {Bh}%ozfm estimated from Equation (1). Monetary policy statement surprises
come from Acosta et al. [2025]. They are aggregated within a quarter using either an unweighted sum, or a weighted-
average using the fraction of the quarter remaining as weights (see Ottonello and Winberry [2020]). The outcome
variable is the change in the one-year (yﬁl)) Treasury zero-coupon bond yield. Confidence intervals are constructed
at the 90% level with heteroskedasticity-robust standard errors.
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Figure A.4: Monetary Policy Event Surprises and Interest Rates
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Note: This figure plots the sequence {ﬁh}%o:do estimated from Equation (1) where we use the monetary policy
event surprises from Acosta et al. [2025]. Panel (a) uses daily data and daily surprises; Panel (b) uses quarterly data
and quarterly-aggregated surprises. The outcome variable is the change in the one-year (y,gl)) Treasury zero-coupon

bond yield. Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard errors.
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Figure A.5: Return of Aggregate Portfolio of Bonds and Stocks Around Monetary Policy Surprises
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Note: Sample period 2002-2023. We plot the sequence { ﬁ%},ﬁ&flo estimated from the per-horizon local projection:

Ri_144n = ap + B - stmiy + € p,

where R;_1_,¢45 is the cumulative return on the value-weighted portfolio of bonds and stocks in our sample—
the aggregate W portfolio introduced in Section 3—measured between the close of day ¢ — 1 and the close of day
t 4+ h, normalized to zero on day ¢ — 1. Monetary policy statement surprises, stmt;, come from Acosta et al. [2025].
Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard errors.

54



Figure A.6: Stock Returns Around Monetary Policy Statement Surprises

(a) Baseline Sample (2002-2023)
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Note: This figure shows cumulative aggregate stock returns around FOMC meetings in response to monetary policy
statement surprises. Returns are computed for a value-weighted portfolio of equities issued by firms in our sample.
Panel (a) uses the baseline sample period 2002-2023, reflecting the availability of corporate bond data used else-
where in the paper; Panel (b) extends the analysis to the full period for which monetary policy statement surprises
are available, 1994-2023. For each meeting at date ¢, cumulative returns are normalized to zero on day ¢ — 1 and
plotted from ¢ — 10 to ¢ + 10, estimated by the per-horizon local projection of Figure A.5. Monetary policy state-
ment surprises, stmt;, come from Acosta et al. [2025] and are normalized to correspond to a one percentage point
high-frequency increase in the one-year Treasury yield. Confidence intervals are constructed at the 90% level with
heteroskedasticity-robust standard errors.
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Figure A.7: Bond Returns Around Monetary Policy Statement Surprises
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Note: This figure shows cumulative returns on the aggregate value-weighted portfolio of corporate bonds around
FOMC meetings in response to monetary policy statement surprises. Bond returns are computed using TRACE
transaction data by constructing bond-day prices as volume-weighted averages of clean trades. For each meeting
at date ¢, cumulative returns are normalized to zero on day ¢ — 1 and plotted from ¢ — 10 to ¢ 4 10, estimated by
the per-horizon local projection of Figure A.5. Monetary policy statement surprises, stmt;, come from Acosta et al.
[2025] and are normalized to correspond to a one percentage point high-frequency increase in the one-year Treasury
yield. Confidence intervals are constructed at the 90% level with heteroskedasticity-robust standard errors.
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Figure A.8: Return of Aggregate Portfolio of Bonds and Stocks Around Monetary Policy Surprises:
Adding Controls
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Note: This figure overlays the local projection of Figure A.5 (the cumulative return on the aggregate W portfolio
of bonds and stocks, normalized to zero on day ¢ — 1) re-estimated with each set of low-frequency controls used in
Figure 5: no controls (raw), the Bauer and Swanson [2023] controls, four lags of the macro variables, eight lags of
yield changes, and all controls together; controls enter linearly at each horizon. Sample period 2002-2023. Monetary
policy statement surprises, stmt;, come from Acosta et al. [2025]. Confidence intervals are constructed at the 90%
level with heteroskedasticity-robust standard errors.
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Figure A.9: Cross-Validation of Return Sensitivity Estimates

6 4 ) 0 2

a

In-sample 3

Note: This figure reports a repeated cross-validation of our firm-level return sensitivities. In each repetition, we split
the FOMC events into four folds—assigned so that each fold spans the full range of surprises—and cycle through them
so that every event is held out for testing exactly once, each time training on three folds and testing on the remaining
one (a 75/25 split). On the training folds we estimate raw firm-level slopes ﬁAl from Equation (4), winsorize them at
the median + 5xIQR, sort firms into 20 equal-sized bins by these slopes, and record each bin’s average in-sample
ﬁAi; we then set aside the held-out observations, each tagged with its firm’s bin. Stacking the held-out observations
from all four folds, we estimate one out-of-sample slope per bin from a pooled regression of returns on the surprise
interacted with bin indicators, absorbing fold xfirm fixed effects. We repeat this over 50 random fold assignments
and, within each bin, average the in-sample B; and the out-of-sample slope. The x-axis reports the average in-sample

B\i in each bin and the y-axis the corresponding out-of-sample slope; error bars are 95% confidence intervals from
standard errors clustered by firm and event.
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Figure A.10: Cross-Validation of Investment-Q Sensitivity Estimates
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Note: This figure reports a leave-one-year-out cross-validation of our firm-level investment-Q sensitivities. For
each year in turn, we hold out that year’s observations, estimate raw firm-level slopes 7; from Equation (5) on the
remaining years, winsorize them at the median £ 5xIQR, and sort firms into 20 equal-sized bins by these slopes.
In the held-out year we then estimate one out-of-sample slope per bin from a within-bin regression of investment
on lagged Q, both purged of firm and industryxyear fixed effects. Cycling through all years so that each is held
out once, we average the in-sample 4; and the out-of-sample slope within each bin across the held-out years. Panel
(a) uses the standard (tangible) investment measure and panel (b) the total-investment measure of Peters and Taylor
[2017]. The x-axis reports the average in-sample ; in each bin and the y-axis the corresponding out-of-sample slope;
error bars are 95% confidence intervals from heteroskedasticity-robust standard errors, averaged across the held-out
years.
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Figure A.11: Out-of-Sample Investment Predictability: Homogeneous-y Comparison
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Note: Each panel plots binned averages of actual demeaned investment (y-axis) against predicted demeaned in-
vestment (x-axis). Prediction uses training-sample 7; estimates, and firms’ investment and Q are demeaned using
training-sample means. The dashed 45-degree line marks perfect prediction (actual equals predicted). Each panel
overlays two sets of binned predictions: our baseline heterogeneous-y model, which assigns every firm its own 7;,
and a restricted homogeneous-y benchmark that imposes a single common slope on all firms. The in-panel labels
report each model’s out-of-sample R? and the slope of actual on predicted investment.
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D Additional Details on Q-Theory-Based Framework

D.1 Discussion of Assumption 1: Net Working Capital

Net working capital is defined as current assets minus current liabilities. In our setting, the
main current assets are cash and short-term investments, accounts receivable, and inventories,
while the main current liability (excluding short-term debt) is accounts payable.”” On the assets
side, in our Compustat sample, about 35% of current assets are cash and short-term investments.
We follow the corporate cash literature in treating Compustat cash and short-term investments
(che) as a portfolio of cash and very short-maturity interest-bearing securities (e.g., deposits,
commercial paper, and Treasury bills). Recent evidence shows that these short-term investments
reprice quickly with money-market rates, so that che effectively behaves like a short-duration,
floating-rate asset (e.g., Ysmailov [2021]). Accounts receivable function as short-maturity credit
extended to customers and, in our sample, represent about 31% of current assets and roughly 56
days of sales. Given their rapid turnover, receivables are low-duration assets and reprice quickly
as firms adjust credit terms to financial conditions. Inventories represent, in our sample, about
24% of current assets, and also have short effective duration because firms replenish them fre-
quently: in our sample, Days Inventory Outstanding is about 74 days. Since inventories tie up
working capital whose opportunity cost is the short-term interest rate, the economic return to
holding inventory adjusts quickly when interest rates change. On the liability side, accounts
payable similarly function as short-term trade credit extended by suppliers. In our sample, they
represent about 41% of current liabilities (excluding debt in current liabilities) and are typically
due within 30-90 days, making them short-duration liabilities.”® Other non-debt current liabilities
primarily consist of accrued expenses, taxes payable, and deferred revenues. Because these items
are typically settled within a few months and their implicit financing costs adjust with short-term
interest rates, they also exhibit low effective duration. For these reasons, the main components
of net working capital behave like low-duration assets and liabilities, implying that their market

values should exhibit minimal sensitivity to high-frequency monetary policy surprises.

"These working-capital statistics are computed on the firms in our analysis sample over fiscal years 2002-2023,
restricted to firm-years reporting a complete current-account breakdown. The composition shares are dollar-
weighted (aggregate ratios computed each year, then averaged across firm-years), whereas the turnover measures
(Days Sales, Inventory, and Payable Outstanding) are firm-level ratios winsorized at the median & 5xIQR.

58In our sample, the average Days Payable Outstanding is about 51.
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