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Abstract

An open question in macro-finance concerns the differing reactions of growth and value

stocks to monetary policy. I address this question using a high-frequency event-study

and find that growth stocks respond significantly more to policy surprises. This finding

is consistent across single stocks, portfolios, and stock indexes and persists for several

days post-FOMC announcement. I show that these results are driven by a combination

of heterogeneity in cash flow duration and distinct effects of monetary policy on the

risk premium. In contrast, financial constraints explain the heterogeneity only when

accounting for cash flow duration. These empirical findings can be explained by a

reduced-form asset pricing model in which firms heterogeneity is given by cash flow

duration.
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1 Introduction

The connection of monetary policy, stock returns, and firms’ fundamentals is of first-order

importance for better understanding policy transmissions and asset prices movements. De-

spite extensive research on the fundamental differences between growth and value stocks, less

is known about their sensitivity to monetary policy. While the asset pricing literature has

mainly focused on attempting to explain the value premium, the macro-finance literature

has provided conflicting evidence on the way growth and value stocks respond to monetary

policy (Ehrmann and Fratzscher, 2004; Maio, 2014). Yet, given the extensive evidence on

the distinct characteristics of growth and value stocks one would expect that they respond

differently to monetary policy.

To illustrate this point Figure 1 shows the path of the Dow Jones Industrial Average

(DJIA), NASDAQ and the 1-year treasury yield since the end of 2021. In this period, which

is characterized by four FOMC announcements, the stock market correlates negatively with

the 1-year treasury yield. The underperformance of the NASDAQ relativ to DJIA amounts

to around -15%. Figure 1 conveys the impression that growth stocks react more to monetary

policy. Indeed, during the period shown in Figure 1 the NASDAQ has a price-to-book ratio

of 5.7 compared to 4.6 of the DJIA. Nevertheless, Figure 1 does not provide causal evidence

of monetary policy on stock returns, since other factors could have driven the stock prices

and the yields.

This paper uses a high-frequency approach to provide new evidence that growth stocks

exhibit a greater sensitivity to monetary policy than value stocks. The estimated difference

is statistically and economically significant and is observed at the index level, individual

stock level, and across portfolio sorts, suggesting that this result does not disappear due

to idiosyncratic noise or diversification. Furthermore, I show that after a monetary policy

surprise a significant larger response of growth stock relative to value stocks will persist on

average for several days. Yet, a monthly analysis is not well suited to capture these causal

effects, which is one of the reasons previous studies have failed to find the same result.

A plausible reason why growth stocks are more sensitive is that they are longer duration

assets. As their cash flow payments are, on average, further away in the future, any change

in discount rates will have a more pronounced impact on their prices. This is a natural

explanation, as several studies have confirmed that cash flow duration can explain the value

premium (Lettau and Wachter, 2007; Gonçalves, 2021; Gormsen and Lazarus, 2023).

While the duration argument is widely accepted among industry professionals (Swedroe,

2019), it has yet to be investigated in academic studies of the stock market’s response to

monetary policy. Previous studies have instead focused on the impact of monetary policy on
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firms through the lens of cash flow fundamentals. For example, Maio (2014) argues that value

stocks should respond stronger to monetary policy, because of the credit channel mechanism

through which monetary policy transmissions to investment operates. The balance sheet

channel states that after a monetary policy easing, firm’s net worth increases due to a higher

collateral value. The bank lending channel operates through the fact that banks increase

their loan supplies after a monetary policy easing providing firms with more access to loans.

Both channels enable firms to increase investment, and ultimately future cash flows. Yet,

these explanations imply that monetary policy impacts firms differently depending on their

vulnerability to external funds. Chava and Hsu (2020) show in an empirical study that

financially constrained firms are more sensitivity to monetary policy.

While the idea that financial constraints explain the responses to monetary policy is

plausible, it remains unclear whether growth or value stocks are more financially constrained.

On the one hand, a variety of investment opportunities might force growth stocks to be more

reliant on external funding and thus more financially constrained. On the other hand, growth

stocks might have more favourable conditions in the credit market due to their higher asset

valuation.

Figure 1: Negative Correlation of Yields and Stock Market
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The figure shows the 1-year treasury yield on the right y-axis and the performance of the Dow Jones

Industrial Average and NASDAQ 100 Index on the left y-axis. The red vertical dotted line represent the

FOMC announcements. The sample goes from Dec-2021 to May-2022.

2



Given that cash flow duration and financial constraints are the two most widespread

economic explanations for the different reactions of growth and value stocks, I focus on

examining the effects of these two variables. Specifically, I run a panel regression of firm-

level stock returns on market-to-book equity, monetary policy surprises, and measures of

duration and financial constraint. I find that cash flow duration is the main driver of growth

and value stock sensitivity to monetary policy. Measures of financial constraints do help

explaining firms’ heterogeneity, however, they do not seem to be linked to the responses of

growth and value stocks.

The interaction of financial constraints with cash flow duration and monetary policy is

significantly different from zero, implying an indirect effect of financial constraints on growth

and value stocks. Specifically, after a monetary policy shock the cash flow of financially

constrained firms respond stronger to monetary policy. This causes growth stocks to respond

more because this effects gets multiplied by the cash flow duration.

A natural step when analysing movements in stock prices is to run a Campbell & Shiller

decomposition. I follow Bernanke and Kuttner (2005) and log-linearize the reactions of

stocks returns to monetary policy. This method allows the decomposition of unexpected

return responses to monetary policy in revisions to investors’ future expected real rates,

discount rates, and dividends, shedding more light in the drivers of the sensitivity of both

groups of stocks. Specifically, breaking down the discount rate effects in risk-free rate and

future excess returns helps understanding whether the effects of monetary policy that are

accounted by duration come mainly from changes in risk-free rate or the risk premium.

Moreover, changes in investors’ cash flow expectations might not be driven solely by financial

constraints, but by other factors no accounted by in the panel regression. The Campmbell

& Shiller decomposition gives the overall sensitivity of cash flow news to monetary policy.

The stock return decomposition confirms that real rates play a relatively minor role

when it comes to affects of policy surprises on stock returns, a fact previously documented

by Bernanke and Kuttner (2005). The decomposition shows large differences in the revisions

of future risk premium of growth and value stocks on both aggregate and portfolio levels.

Specifically, the risk premium of growth stocks are more strongly revised after a monetary

policy surprise. Moreover, on the aggregate level value stocks seem to have higher exposure

to cash flow news, but this exposure is not enough to counteract the discount rate effects.

In general, this analysis shows that the difference in risk premium could also be responsible

for different sensitivities of growth and value stocks.

To explain these new empirical findings in a conceptual framework, I build upon the

reduced-form asset pricing model from Lettau and Wachter (2011). The model implies that

firms heterogeneity is generated solely by the timing of the cash flow payment, which enables
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to capture the duration effects from monetary policy shocks. I calibrate the model using

the results of the stock return decomposition on the S&P500 and construct two aggregate

portfolios based on the timing of the cash flows. I show that the market duration implied

by the model is close to the estimated duration by Weber (2018) and Gonçalves (2021) and

that the sensitivities of the growth and value portfolios to monetary policy are very similar

to my empirical results.

I provide substantial new evidence on the responses of growth and value stocks to mon-

etary policy and explain the economic reasoning behind these sensitivity. My results have

strong implications for the monetary economics literature, as it shows that cash flow duration

is an important mechanism through which monetary policy spreads to the equity market.

It also confirms the credit channel implied by different economic models, although these are

unrelated to growth and value stocks.

Related Literature

The duration argument has little empirical support in the macro-finance literature, and the

evidence on the financial constraints is conflicting. For example, Maio (2014) studies the

monthly relation of monetary policy and market-to-book equity and finds that value stocks

are relatively more reactive. He argues that because a low-equity valuation ratio is a result

of negative shocks in past cash flows, value firms should be more financially constrained.

In contrast to this study is the work of Ehrmann and Fratzscher (2004). They document

that growth firms (firms with higher Tobin’s q) are more reactive. Yet, they do not argue

in favour of a duration effect, but also from a financial constraint point of view: “a high

q indicates that ample investment opportunities are present for which may imply, ceteris

paribus, that this firm has higher financial constraints requiring more external funds to

finance this investment.”

To interpret the results from Maio (2014) and Ehrmann and Fratzscher (2004), which

are the two reference points in this study, their limitations need to be addressed. Ehrmann

and Fratzscher (2004) use a relatively low sample of 79 FOMC meetings. Their sample is

composed only of S&P500 firms, which can lead to survival bias. Maio (2014) proxies policy

shocks with monthly changes in federal funds rates. Hence, his results are susceptible to the

endogeneity bias of monetary policy. Finally, both papers carry out solely portfolio analysis.

It is not clear whether the results hold for single stocks.

The evidence in my study is robust to all aforementioned limitations. First, the sample

goes from 1990 to 2018 and covers almost 30 years of monetary policy data. Second, I

use a high-frequency approach and account only for the surprise component of monetary

policy, avoiding the endogeneity bias. Third, the survival bias is avoided by considering
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the whole universe of stocks from CRSP and Compustat.1 Fourth, I run a collection of

robustness checks which confirm the validity of the results. Using fixed effects I show that

the regressions are not confounded by time or cross-sectional unobserved effects, such as

higher valuation periods. Portfolio sorts confirm that idiosyncratic noise does not affect the

estimation. Finally, repeating the analysis with Fama and French portfolios confirms that

the results are independent of my sample and pre-processing choice.

More recently, new empirical studies of the effects of monetary policy surprises on the

cross-section of returns have gained more attention. Particularly, a variety of papers have

analyzed how responses to monetary policy depends on financial constraints. Chava and Hsu

(2020) use high-frequency monetary policy surprises to show that financial constrained firms

are more reactive to monetary policy. Their result contradicts the previous study of Ozdagli

(2018) who finds the exact opposite. Gürkaynak et al. (2022) show that cash flow exposure

explains a great portion of variation of stock returns responses to monetary policy. They

use the financial constraint measure developed by Schauer et al. (2019) to show that more

financially constrained firms have a larger sensitivity to cash flows in response to monetary

policy shocks. With regards to financial constraints and investment, Cloyne et al. (2023)

develop a measure of financial constraints based on age and dividend payment and find that

one third of investment response to monetary policy is due to financial frictions.

My study is also related to a vast literature of empirical studies of equity duration (Cor-

nell, 1999; Dechow et al., 2004; Da, 2009; Weber, 2018; Gonçalves, 2021; Chen, 2022; Gormsen

and Lazarus, 2023). This paper build upon the duration measure proposed by Gonçalves

(2021). He uses it to document new evidence on the short duration premium. The paper

of Chen (2022) is closely related to mine. He uses high-frequency monetary policy identi-

fication to create a measure of effective equity duration by considering, not only discount

rate effects, but also cash flow effects. The main difference, however, is that I am interested

in the economic channels of the policy surprises and how these effect the cross-sectional of

stock returns.

For the conceptual framework I build upon the model from Lettau and Wachter (2011).

There is a vast amount of models proposed to explain the equity term structure and equity

duration. For a great overview of the literature I refer to Van Binsbergen and Koijen (2017).

To the best of my knowledge there is no theoretical model that attempts to explain the

monetary policy responses of stock prices through cash flow duration.

The results in this paper can also be linked to studies that explain the value premium

1While it could be argued that Compustat data is also affected by survival bias, the bias should be weaker
than just restricting the sample to the S&P500. See Davis (1996) for a discussion on the survival bias in the
Compustat database.
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through cash flow fundamentals (Carlson et al., 2004; Zhang, 2005; Liu et al., 2009). The

Campbell & Shiller decomposition shows that risk premium and cash flow news are different

for growth and value stocks. Although economic models usually try to explain the value

premium either entirely through cash flow fundamentals or cash flow duration, this paper

can be used as evidence that the truth might lie somewhere in the middle.

Finally, to understand the stock price movements, I build up on the ideas of Campbell

and Shiller (1988), Campbell (1991), Campbell and Ammer (1993), and Vuolteenaho (2002).

Campbell and Ammer (1993) combine the linear-approximation of the stock price identity

derived by Campbell and Shiller (1988) with a VAR to decompose unexpected return move-

ments in discount rate and cash flow news. Vuolteenaho (2002) applies the same logic to

the cross-section of stocks. He finds that single stock returns are mainly driven by cash-

flow news, but that cash-flow news are diversified away in aggregate portfolios. Contrarily,

discount rate news are strongly positive correlated. Bernanke and Kuttner (2005) further

decompose returns into real rates, expected discount rate, and cash flows news in the con-

text of high-frequency monetary policy. They find that monetary policy affects stock prices

mainly through future excess returns and cash flow and less through real rates. Recently,

Chen and Zhao (2009) addressed several limitations of the Campbell & Shiller decomposi-

tion. They argue that revisions to discount rates cannot be accurately measured because of

low predictive power. My paper carefully addresses this limitation.

2 Data and Summary Statistics

I begin by describing how the surprise elements of monetary policy are extracted and the

sample is created. Then, I briefly provide summary statistics which are relevant for further

analysis.

2.1 High-frequency data for FOMC announcements

I start with a sample of FOMC announcements which goes from February 1990 to December

2018. The sample entails 255 FOMC announcements, of which 23 were unscheduled.

In order to identify causal links between monetary policy and stock returns I make use

of high frequency event studies, a method which goes back to Kuttner (2001). He uses the

30-minutes change in the rate implied by the current-month futures contract after a FOMC

announcement. Gürkaynak et al. (2005) extend his approach and use next to the current-

month futures, the three-months funds future contract, and the prices of eurodollars future

contracts with maturity of up to a year. More recently, Nakamura and Steinsson (2018)
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proposed to extract only the first principal component of the five instruments. This factor

accounts for target and forward guidance shocks and will be used for the analysis in this

paper.2

2.2 Firm-level Data

I construct an unbalanced panel data sample using quarterly balance-sheet data extracted

from Compustat and stock prices from CRSP. The main variable of interest is the market

capitalization divided by the book equity of each firm in each quarter. To make sure that

market participants include the market-to-book equity in their information set during the

FOMC announcements, I lag it by one quarter. For example, for the FOMC announcement

of July 30, 2014, I use the balance sheet data published in March 31, 2014. The bottom and

top 1 percent of market-to-book equity are trimmed, a common process to reduce effects of

outliers also used by Ippolito et al. (2018) and Gürkaynak et al. (2022).

The dependent variable is the simple return computed using the closing prices of the

FOMC announcement day and the closing price of the preceding day. In the final sample I

include stocks exchanged in the NYSE, AMEX, or NASDAQ that have a CRSP share code

of 10 or 11 (Similar to Fama and French (1993)). To ensure liquidity, stocks with a price

less than $5 or a market capitalization less than $10 million are dropped (see, for example,

Chava and Hsu (2020)). This gives a total of 514,199 data points from 8,946 different firms.

Table 1 shows that .....

2The derivation of the monetary policy surprise is shown in appendix.
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Table 1: Summary Statistics

Empirical moments

Mean SD Min q25 Median q75 Max Obs.

MB 3.02 3.30 -37.19 1.39 2.19 3.58 67.35 378,758

Size 2.03 1.84 -3.84 0.66 1.96 3.28 7.58 389,840

Prof. 0.03 0.04 -0.42 0.02 0.03 0.05 0.16 360,329

Lev. 0.37 0.26 -0.08 0.16 0.34 0.52 2.05 381,835

Duration 57.83 51.74 1.35 35.58 48.24 63.80 500.04 274,053

FC constraint 0.50 0.50 0 0 0 1 1 312,885

Correlation

MB Size Prof. Lev. Duration FC

MB 1 0.09 0.16 0.12 0.22 -0.20

Size 0.09 1 0.05 0.31 0.09 -0.39

Prof. 0.16 0.05 1 -0.08 -0.19 -0.17

Lev.g 0.12 0.31 -0.08 1 0.31 0.28

Duration 0.22 0.09 -0.19 0.31 1 0.07

FC -0.20 -0.39 -0.17 0.28 0.07 1

This table shows the summary statistics of following accounting/control variables: Market to book equity,

size, profitability, leverage, duration, and financial constraint. The quarterly dataset of market to book

equity, size, profitability, and leverage was extracted from Compustat and span the period from 1990 to

2018. I obtained yearly firm level cash flow duration from Gonçalves (2021) and the financial constraint was

constructed according to Schauer et al. (2019) and uses accounting data from Compustat.

2.3 Aggregate Data

To investigate the effects of policy surprises on aggregate measures of valuation and stock

returns, I extract daily prices for the S&P500, the Russel 1000 and the Russel Growth and

Value Index as well as the corresponding quarterly aggregate multiples from Bloomberg.

Table 2 shows the summary statistics of the four stock indexes.
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Table 2: Summary statistics of surprises, returns and valuation ratios

Variable Mean SD Max Min Nr. of Obs.

Monetary policy surprise −0.01 0.04 0.08 −0.26 259

Return 0.30 1.19 5.14 −2.94 259

S&P500 P/B 2.82 0.75 5.04 1.74 116

P/E 19.53 4.03 29.88 12.68 116

Return 0.30 1.19 5.26 −2.97 259

Russel 1000 P/B 2.73 0.77 4.69 0.004 96

P/E 19.84 4.15 30.88 12.22 96

Return 0.30 1.18 5.74 −3.38 248

Russel Value P/B 2.07 0.45 3.16 1.25 96

P/E 17.06 3.04 29.01 11.28 96

Return 0.36 1.36 9.76 −3.42 248

Russel Growth P/B 5.01 1.52 9.76 2.75 96

P/E 24.62 9.29 63.30 12.54 96

The table reports the summary statistics of monetary policy surprises, one-day stock returns and valuation

multiples for the fourth stock market indexes. The sample goes from January 1990 to December 2018.

In contrast to the S&P500, which has valuation data available from the beginning of

1990, the Russel Indexes have valuation ratios starting from 1995. Hence the lower number

of observations. The growth index has higher valuation ratios than the value index. The

mean P/B ratio is about two times as high as the P/B ratio of the value index and the

standard deviation even three times as high. The growth index has higher average return for

the observed period, implying that the value premium was slightly negative. The S&P500

and the Russel 1000 Index are very similar and lie somewhere in between the growth and

value extremes, but closer to the value index.

3 Differences in growth and value stocks

3.1 One-day Analysis

3.1.1 Index-level analysis

The section focuses on the effects of policy surprises on the aggregate stock market returns.

Panel A of Table 3 shows the regression results of the stock returns on the monetary policy

surprise. As the two first columns are proxies for the aggregate market, they revisit the results
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documented by previous works, such as Gürkaynak et al. (2005), Bernanke and Kuttner

(2005), Nakamura and Steinsson (2018) and Gürkaynak et al. (2022). I document statistically

significant negative effects of monetary policy surprises on stock returns: Stocks returns

decrease around 9.4 percentage points after a one percentage point tightening surprise.

The estimated effect can vary in comparison to other studies, because the sample period

and the surprises are not exactly the same. For example, Bernanke and Kuttner (2005)

document for the period between 1989 and 2002 a drop of around 4.7 percentage points after

a one percentage point tightening surprise. Yet, their surprise measure does not account for

forward guidance.

To analyse the policy surprise effects on aggregate growth and value stocks, I use the

Russel Value and Growth 1000 Indexes. The last two columns of Table 3 panel A show

the results of the one-day returns regression on monetary policy surprises. The estimated

coefficients indicate a higher response of growth stocks relative to value stocks. The Russel

Growth Index falls by about 12 percentage points after a one percentage point increase in

monetary policy surprises, 4 percentage points more than the Russel Value Index. However,

the difference in response of the one-day return is not statistically significantly different from

zero.

This set up also allows to answer a close related question, namely whether the effects

of monetary policy surprises are sensitive to movements of valuations over time. This is

an important question, since high market valuations can signal bubbles, which might drive

market sensitivity to policy surprises.

To evaluate the effects of the aggregate valuation, I regress the one-day returns on valu-

ations interacted with monetary policy surprises, where valuations are measure by market-

to-book equity and price-earnings ratio. Table 3 panel B shows the results for the S&P500

and the Russel Index. The interaction of monetary policy with both valuation measure is

not significantly different from zero. Hence, the possibility of stocks being more sensitive on

periods of higher valuations can be excluded.
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Table 3: Reaction of stock indexes to monetary policy surprises and market-to-book equity

Panel A S&P500 Russel 1000 Russel Value Russel Growth Growth - Value

(Jan-90 - Dec-18) (Jan-90 - Dec-18) (Jan-91 - Dec-18) (Jan-91 - Dec-18) (Jan-91 - Dec-18)

mps −9.54∗∗∗ −9.58∗∗∗ −7.71∗∗∗ −11.98∗∗∗ −4.27

(2.42) (2.45) (2.37) (3.34) (2.73)

Constant 0.21∗∗∗ 0.21∗∗∗ 0.22∗∗∗ 0.24∗∗∗ 0.02

(0.07) (0.07) (0.07) (0.08) (0.04)

N 259 259 248 248 248

R2 0.11 0.11 0.08 0.14 0.05

Panel B S&P500 Russel 1000

mps −8.78∗∗∗ −8.56∗∗∗ −10.90∗∗∗ −10.30∗∗∗

(2.31) (2.48) (2.94) (3.41)

mb*mps −2.18 0.03

(1.80) (2.36)

pe*mps −2.61 −1.33

(2.20) (3.06)

Observations 256 256 201 201

R-squared 0.12 0.12 0.12 0.13

Panel A regresses 1-day stock returns on monetary policy surprises. Panel B estimates the regression rt =

β0 + β1 ×mpst + β2 × valt−1 + β3 ×mpst × valt−1 + εt. The sample goes from January 1990 to December

2018. mps stands for monetary policy surprise and val for the valuation measure (market-to-book equity or

price-earnings ratio). White standard errors are reported in parentheses. ∗∗∗, ∗∗ and ∗ denote significance

at the 1%, 5% and 10% level, respectively.

3.1.2 Panel regressions

Although time-varying valuations do not seem to be a concern, other time or cross-sectional

varying variables might cofound the pooled OLS results. In Appendix B I show formally

that this can lead to an omitted variable bias, if the unobserved effect is correlated with

market-to-book equity and if their interaction is correlated with stock returns. For this

reason I include apart from pooled OLS, time and firms fixed effects. The estimated model

is:

rt,i = β0 + β1 ×mpst + β2 ×mbi,t−1 + β3 ×mpst ×mbi,t−1 + γi + αt + εi,t

where i denotes the firm, t the day of the FOMC announcement, r the stock return, mps

the monetary policy surprise, mb the market-to-book equity, and γ and α the fixed effects. In
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Appendix B I provide the theory necessary to understand how our regression design avoids

the problems of unobserved effects.

Table 4 shows the results of the panel regressions with different specification designs.

The first column estimates the effects of policy surprises on single stock returns. I find

that a one percentage point increase in monetary policy decreases prices, ceteris paribus, on

average 7.5%. The interaction effect of market-to-book equity and monetary policy surprise

is statistically significant and also robust towards using firms and time fixed effects. An

additional unit of market-to-book equity strengthens the policy response of stock returns by

a number between 0.74 and 0.97 percentage points. This means that the stock price of a

firm with one standard deviation below the mean market-to-book equity drops on average

5.4% after a 1 percentage point rise in policy surprises. Likewise, a firm with one standard

deviation above the mean see its stock price fall on average 9.8%, almost twice as much.

These examples highlight the economic significance of the results.

Table 4: Reaction of stock returns to monetary policy surprises and market-to-book equity

(1) (2) (3) (4) (5) (6)

mb −0.002 −0.02∗∗ −0.001 −0.02∗∗ −0.04∗∗∗

(0.01) (0.01) (0.01) (0.01) (0.01)

mps −7.71∗∗∗ −5.28∗∗ −5.20∗∗ 5.16∗∗∗

(2.14) (2.09) (2.04) (1.89)

mb*mps −0.89∗∗∗ −0.97∗∗∗ −0.74∗∗ −0.82∗∗∗ −0.46∗∗

(0.34) (0.32) (0.30) (0.28) (0.21)

Constant 0.25∗∗∗ 0.25∗∗∗

(0.06) (0.06)

N 533,965 518,678 518,678 518,678 518,678 518,676

R2 0.003 0.003 0.11 0.03 0.14 0.76

Firms FE NO NO YES NO YES YES

Time FE NO NO NO YES YES NO

The table estimates the regression rt,i = β0 +β1 ×mpst +β2 ×mbi,t−1 +β3 ×mpst ×mbi,t−1 + γi +αt + εi,t

using observations from January 1990 to December 2018. mps stands for monetary policy surprise and mb

for market-to-book equity. Column (1) regresses returns on monetary policy surprises, columns (2) to (5)

estimate the regression model using pooled OLS and different fixed effects specifications. Column (6) uses

beta-adjusted returns. Two-way clustered standard errors are reported in parentheses. ∗∗∗, ∗∗ and ∗ denote

significance at the 1%, 5% and 10% level, respectively.

The fact that the coefficient of the interaction term decreases when time fixed effects is

included points to the existence of a time-varying unobserved effect. It also confirms that
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monetary policy surprises have heterogeneous effects in the cross-section.

Finally, similar to Gürkaynak et al. (2022) column (6) replaces stocks returns by beta-

adjusted stock returns (returns minus the expected return according to the CAPM). The

interaction term is still negative and significant, yet it decreases in magnitude. The high

R2 indicates that the market-to-book equity explains about three quarters of the firm-level

variation in daily stock returns that is not accounted for in the CAPM.

3.1.3 Portfolio-level Results

Several studies advocate the use portfolio sorts when working with cross-sectional stock re-

turns (see, for example, Cochrane (2009)). The reason is that portfolios are less susceptible

to idiosyncratic noise. Also, by dynamically adjusting the portfolios each quarter the unob-

served effects are no longer a problem. Another advantage is that portfolio sorts enables to

discover the presence of non-linear effects.

I group the firms into 10 equal-size portfolios sorted by their lagged market-to-book

equity for each quarter in the sample. Table 5 presents the summary statistics of market-to-

book equity for each portfolio. Although it would seem obvious to expect a monotonically

increasing maximum market-to-book ratio, the maximum value of the first portfolio is, in

fact, larger than the maximum from the second portfolio. This is because, in most cases,

stocks with negative book equity are assigned to the first decile. Thus, the aggregate book

value in the first decile is reduced by the negative book equity, in which case the overall

market-to-book value increases. The standard deviation from the last decile is notably larger

than in the others, indicating that a lot of the noise in the data comes from this extreme

decile.

Figure 2 shows the estimated responses plotted against the mean market-to-book equity

for each decile portfolio. The pattern confirms that the surprise response decreases with

market-to-book ratio and that this decrease is non-linear. The estimated response seems to

converge with increasing mean market-to-book equity.
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Table 5: Summary statistics of market-to-book equity sorted portfolios

Portfolio Mean SD Max Min

1 0.93 0.29 2.1 0.34

2 1.04 0.19 1.46 0.57

3 1.27 0.21 1.78 0.71

4 1.49 0.23 2.1 0.87

5 1.75 0.26 2.38 1.05

6 2.06 0.31 2.79 1.26

7 2.48 0.38 3.25 1.52

8 3.12 0.5 4.51 1.91

9 4.23 0.83 6.82 2.67

10 7.83 2.07 13.6 4.88

Overall 2.57 0.61 4.31 1.59

The table calculates the mean, standard deviation, maximum and minimum value of market-to-book equity

for each decile portfolio. To calculate them, firms are grouped into 10 equal-size portfolios sorted by their

lagged market-to-book equity for each quarter in the sample. For each portfolio I aggregate the market

capitalization and divide it by the aggregate book equity in a given quarter. The mean, standard deviation,

maximum and minimum from the 10 time-series are shown above. The sample goes from January 1990 to

December 2018.

To test whether the reactions of portfolios with higher market-to-book equity are signif-

icantly larger in magnitude, I calculate the return of spread portfolios and regress them on

the policy surprises. Spread returns are constructed by subtracting the returns of the lowest

deciles from the highest. For example, the 30% spread portfolio is the return of a portfolio

long on all stocks in the three highest deciles and short on the stocks in the three lowest

deciles.

Table 6 shows the regression of the spread portfolios on monetary policy surprises.

Columns (1) to (3) show that the 10%, 30% and 50% spread portfolios are in line with

the panel regressions: The portfolios with relatively higher average market-to-book equity

drop significantly more after a monetary policy tightening surprise. The last two columns

demonstrate that the results are not solely driven by a small extreme sample. A portfolio

with stocks in the highest 10% spectrum of market-to-book equity (the stocks which are

the closest to the growth extremity) react significantly stronger than all others. Likewise, a

portfolio with stocks in the lowest 10% spectrum of market-to-book equity (the stocks which

are the closest to the value extremity) react significantly less to monetary policy surprises.

14



Figure 2: Reaction of market-to-book equity sorted portfolios to monetary policy
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The figure shows the estimated response of the 10 decile portfolios sorted by market-to-book equity using

monetary policy surprises against the mean market-to-book equity of each portfolio. 10% confidence intervals

are drawn around the point estimation. The samples goes from January 1990 to December 2018.

In Appendix C I re-run the portfolio analysis using Fama and French portfolios and show

that these results are independent of the sample construction. The data was extracted from

Ken French’s Website. The results provided in Table C.1 are in line with the panel regression

and the portfolio sorts.

The fact that the first and last decile portfolios do not seem to be statistically different

in Figure 2, but are indeed significant when running the regression in Table 6, might be

puzzling. I point out that it is not possible to infer from Figure 2 whether the two portfolios

are statistically significantly different. Because the figure does not take into account the

correlation between the estimated coefficients, a high correlation can lead to smaller standard

errors which makes the results in Table 6 significant.
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Table 6: Reaction of spread portfolios to monetary policy surprises

10% - 10% 30% - 30% 50% - 50% 90% - 10% 10% - 90%

mps −6.61∗∗ −4.62∗∗ −3.16∗∗ −3.25∗∗ −4.10∗∗∗

(3.03) (1.99) (1.44) (1.57) (1.01)

Constant −0.18∗∗ −0.07∗ −0.04 −0.18∗∗∗ −0.02

(0.08) (0.04) (0.03) (0.07) (0.04)

N 255 255 255 255 255

R2 0.04 0.07 0.07 0.02 0.06

The table estimates the regression rst = α+β×mpst+εi,t using the sample from January 1990 to December

2018, where rst is the return of the spread portfolio. The spread portfolios are formed by sorting firms

according to the market-to-book ratio and subtracting the 50%, 30% and 10% lowest from the highest

companies each period. The last two columns show the spread portfolio of the 90% highest companies and

the 10% lowest and vice-versa. White standard errors are reported in parentheses. ∗∗∗, ∗∗ and ∗ denote

significance at the 1%, 5% and 10% level, respectively.

3.2 Results Based on Multiple Days

3.2.1 Monthly Analysis: Reconciling with Maio (2014)

Research in asset pricing is conducted to a great extent on a monthly basis. This might be

required because of the methods used (for example VAR requires a periodic frequency) or

because of data availability. In addition, the conclusion on the first part of the paper, that

growth stocks react stronger to monetary policy than value stocks, contradicts the findings

of Maio (2014), who finds in a monthly analysis the exact opposite. In order to reconcile my

results with his, a study on a monthly frequency is needed.

Instead of high-frequency monetary policy identification, Maio (2014) opt to use the

monthly changes in federal funds rates as a monetary policy indicator. The main problem

with this approach is that there will be cofounding variables. Monetary policy is highly en-

dogenous, because the Fed does its best to react to economic conditions. The same conditions

that affect stock prices.

To revisit the results obtained by Maio (2014), I regress 10%, 20%, and 30% spread

portfolios on the first difference of the federal funds rates.3 Panel A from Table 7 presents

the estimated coefficients. Analogous to his study I find a positive significant effect of the

change in federal funds rates in the 10% and 20% spread portfolios, which implies that value

stocks are more reactive to monetary policy. Panel B re-runs his results starting in 1990, the

3This analysis differs slightly from Maio (2014) who uses a second monetary policy indicator, but finds
no significant coefficients and runs a Wald test instead of spread portfolio regressions.
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same period used in this paper and shows that returns responses from value portfolios are no

longer significantly higher than the responses from growth portfolios. Thus, Maio (2014)’s

results are sensitive to the sample choice. Panel C shows that his statistically significant

findings are present in the whole sample. This could mean that they are driven by the

period antecedent the 90s, for example, the great inflation.

Table 7: Reaction of monthly spread portfolios to federal funds rates

Spread portfolio 10% 20% 30%

Panel A: Jul-1963 - Jun-2008

∆FFR 77.58∗∗ 54.07∗ 31.11

(37.21) (28.23) (23.41)

Constant −0.60∗∗∗ −0.47∗∗∗ −0.38∗∗∗

(0.18) (0.14) (0.11)

N 540 540 540

R2 0.01 0.01 0.005

Panel B: Jan-1990 - Dec-2018

∆FFR −62.11 −69.73 −116.91

(173.05) (128.15) (111.61)

Constant −0.09 −0.07 −0.03

(0.25) (0.19) (0.15)

N 348 348 348

R2 0.001 0.001 0.005

Panel C: Jul-1963 - Dec-2018

∆FFR 72.08∗∗ 50.34∗ 26.21

(36.25) (27.76) (23.32)

Constant −0.37∗∗ −0.31∗∗ −0.24∗∗

(0.18) (0.13) (0.11)

N 666 666 666

R2 0.01 0.01 0.002

The table shows the estimated regression of spread portfolio returns on changes in federal funds rates (FFR).

Panel A uses the same sample time period as Maio (2014). Panel B uses the same time period as the other

results in this paper and Panel C includes all observations available. Columns (1) to (3) are the returns of

the 10%, 20% and 30% spread portfolios, respectively. White standard errors are reported in parentheses.
∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.

Table 8 repeats the regressions from Table 7 using the exogenous monetary policy sur-

prises. The policy surprises are aggregated by summing all surprises within a month. In case

of no FOMC announcement within a month, the policy surprise is zero. I find negative, but
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insignificant effects of policy surprises on the spread portfolio returns. The most plausible

explanation for these results is the increase in the noise, which is indicated by the very low

R-squared.

Table 8: Reaction of monthly spread portfolios to monetary policy surprises

10% 20% 30%

mps −3.71 −3.35 −4.21

(5.78) (4.50) (3.76)

Constant −0.11 −0.08 −0.04

(0.26) (0.19) (0.16)

N 348 348 348

R2 0.001 0.001 0.003

The table shows the estimated regression rst = α + β ×mps+ εi,t. rst is the return of the spread portfolios

which is calculated on a monthly basis using Fama and French portfolios. White standard errors are reported

in parentheses. The sample goes from January 1990 to December 2018. ∗∗∗, ∗∗ and ∗ denote significance at

the 1%, 5% and 10% level, respectively.

3.2.2 Dynamic responses of stock returns to policy surprises

The analysis using a monthly frequency raises the question how long do the different policy

responses of stock returns last for. To answer this question I regress the spread returns

k-days ahead of the FOMC announcement on the policy surprise:

rst→k = α + β ×mpst + εt

Figure 6 shows the estimated dynamic response of returns to policy surprises up to 30

days after the FOMC announcement as well as 95% confidence intervals. According to panel

A, which uses both Russel Indexes, the spread return does not respond to monetary policy in

the day of the announcement. The distinct responses of the Russel Growth and Value Indexes

becomes significant only after three days. Yet, the response is persistent and its significance

lasts more than two weeks. Even after 30 days the response is negative, although due to a

higher noise, it is not statistically significant to 5 % significance level.

The 30% spread portfolio return is from the start on significant and the effects lasts

more than 10 days. The difference in response of growth stocks can reach more than 10% in

magnitude. Both panels agree upon the fact that the policy response intensifies at the first,

reaching its lowest level (around -10%) 5 to 10 days after the policy surprise. This implies

that the market reacts with a lag and that investors need time to price the policy surprise.
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Figure 3: Dynamic responses of spread portfolios
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Panel A plots the reaction of k-days ahead returns from the Russel Growth Index minus the Value Index

to monetary policy surprise, where k goes from 1 to 30. Panel B repeats the analysis for the 30% spread

portfolio using Fama and French data. 95% confidence intervals are plotted in blue. The sample goes from

January 1990 to December 2018.

4 Explaining the monetary policy sensitivity: Dura-

tion and financial constraints

The overwhelming evidence of the stronger response of growth stocks to monetary policy

raises the question of what economic mechanism explains this response. In this section I

attempt to answer this question.

As previously explained two natural candidates are the cash flow duration and the degree

of financial constraint of a firm, i.e. a measure of access to external funding. The relation

of market to book equity and cash flow duration is straightforward. Growth stocks have

dividend payments further in the future, consequently the present value of these dividend

payments is more sensitive to movements in discount rates. The magnitude of this sensitivity
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after a monetary policy shock has not yet been quantified neither there is evidence about its

economic significance.

The relation of financial constraints, monetary policy, and market-to-book equity is not

as clear-cut. First, Ozdagli (2018) shows that the financial accelerator from Bernanke et al.

(1999) implies that constrained firms should be less responsive to monetary policy, since

they are less reliant on debt due to a higher external finance premium. Other models,

such as models with binding credit constraints like Kiyotaki and Moore (1997), imply that

loosening monetary policy might lead the borrowing constraint to unbind, increasing the

firms borrowing capacity and investment. In this case, financially constrained firms should

respond stronger to monetary policy.

Second, growth and value stocks are characterised by different set of investment oppor-

tunities. Growth stocks have better investment opportunities than value stocks, which have

more assets in place. As Ehrmann and Fratzscher (2004) put, it is not straightforward to

link these variables to the firms’ capacity to access external funding.

Although the duration effect and the financial constraint effect explanations are not

mutually exclusive explanations, their effect on stock returns are quite different. To formalize

this argument consider the present-value identity of a stock price4

pt = dt + log

(
∞∑
n=1

e−n(Ert−Egt)

)
≡ p (Ert, Egt, dt)

Where Ert and Egt are the long term average of the discount rates and dividend growths

and dt is the current dividend. Taking the total derivative with respect to a monetary policy

shock, ε, yields (I assume that current cash flow dt is not affected by monetary policy):

dpt
dε

=
∂pt
∂Egt

∂Egt
∂ε

+
∂pt
∂Ert

∂Ert
∂ε

Now, consider two stocks, called G and V . The difference of monetary policy sensitivity

of both stocks is

dpGt
dε

− dpVt
dε

=

(
∂pGt
∂EgGt

∂EgGt
∂ε

− ∂pVt
∂EgVt

∂EgVt
∂ε

)
+

(
∂pGt
∂ErGt

∂ErGt
∂ε

− ∂pVt
∂ErVt

∂ErVt
∂ε

) (1)

Hence, it is possible to decompose the difference in sensitivity of both stocks in cash

flow and discount rates effects (Something, which will be useful later). Notice that because

4This derivation follows the idea of Chen (2022).
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∂pt
∂Egt

= − ∂pt
∂Ert

, I can re-arrange Equation 1 to get:

dpGt
dε

− dpVt
dε

=

(
− ∂pGt
∂ErGt

∂EgGt
∂ε

+
∂pVt
∂ErVt

∂EgVt
∂ε

)
+

(
∂pGt
∂ErGt

∂ErGt
∂ε

− ∂pVt
∂ErVt

∂ErVt
∂ε

)

⇒ dpGt
dε

− dpVt
dε

=
∂pGt
∂ErGt

(
∂ErGt
∂ε

− ∂EgVt
∂ε

)
− ∂pVt

∂ErVt

(
∂ErVt
∂ε

− ∂EgVt
∂ε

)
(2)

Equation 2 shows that the spread sensitivity of growth stocks can be driven by the

sensitivity of discount rates to monetary policy, ∂Ert
∂ε

or the sensitivity of cash flows to

monetary policy ∂Egt
∂ε

. In addition, both effects are magnified by the difference in cash flow

duration ∂pt
∂Ert

.5

As the discount rate can be decomposed in risk free rate and risk premium, if the assump-

tion that the risk premium sensitivity to monetary policy is identical for growth and value

stocks (This is implied by a one-factor model, for example), the only thing that contributes

to the distinct sensitivity of growth and value stocks is the duration, and the sensitivity of

the cash flow towards monetary policy, which can be assumed to be captured by financial

constraints. Using a Campbell & Shiller decomposition I will show later that this assumption

does not hold, i.e. the revisions to risk premium for growth stocks are higher than for value

stocks.

4.1 Cash flow duration

To measure cash flow duration I download the firm-level duration measure used in Gonçalves

(2021) from Andrei Goncalvez Website and merge it with my firm-level sample. Gonçalves

(2021) uses a similar filter as I do, however, he also excludes firms from the utilities and

financial industries, causing a significant reduction in my sample to 4,894 firms. I merge

the duration data with my sample based on the lagged fiscal year. The duration measure

is created using a set of accounting variables to proxy for the future payout of the firms’

variables and a VAR to estimate the long-run mean of the accounting variables.

Table 1 shows the summary statistics for duration. The median duration is 48 and so

slightly higher than the duration reported by Gonçalves (2021) of 39. To analyse whether

duration can explain the responses of growth and value stocks to monetary policy, I conduct

5To be more precise, the Maucalay duration is defined as Dur = − ∂pt

∂Ert
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a similar panel regression analysis as in Table 4 with time and firms fixed effects. As the

duration distribution is highly skewed I run the regression using log duration.

Table 9 shows the regression of the daily returns on the duration and monetary policy.

Because the present value is more sensitive to discount rate changes the higher the dura-

tion, the lower should be the response to monetary policy. This intuition is confirmed by

the regression result: Column 1 shows that a higher cash flow duration implies a stronger

response of stock returns to monetary policy. A 1% higher duration decreases stock returns

by 2.76 percentage points.

Column 2 shows that the effect of market-to-book equity on monetary policy responses

vanishes once we control for duration. The duration of the cash flows explains the response

of the cross-sectional stock returns which was previously captured by market to book equity.

This result confirms cash flow duration as an important variable explaining the effects of

monetary policy to stock markets.
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Table 9: Panel regressions including duration and financial constraints

(1) (2) (3) (4) (5)

log dur −0.06 −0.04 −0.07

(0.04) (0.04) (0.05)

mb −0.01∗ −0.01 −0.02

(0.01) (0.01) (0.01)

log dur*mps −2.76∗∗∗ −2.42∗∗∗ −4.28∗∗∗

(0.77) (0.67) (1.23)

FC*log dur 0.02

(0.04)

mb*mps −0.26 −0.46∗∗ −0.02

(0.19) (0.21) (0.15)

FC*log dur*mps 2.40∗∗

(1.01)

FC 0.04 0.03 −0.10

(0.04) (0.04) (0.16)

FC*mps 3.04∗∗ 2.67∗∗ −6.90∗∗

(1.31) (1.13) (3.33)

N 274,053 272,144 312,884 306,091 231,003

R2 0.63 0.63 0.37 0.37 0.67

The table estimates the regression of returns on market to book equity, monetary policy, cash flow duration,

and financial constraints. The observations go from January 1990 to December 2018. mps stands for

monetary policy surprise, mb for market-to-book equity and log dur for the log of duration. FC is a dummy

variable, which takes the value of 1, if the financial constraint index is larger than the median. All regressions

use time and firms fixed effects. Two-way clustered standard errors are reported in parentheses. ∗∗∗, ∗∗ and
∗ denote significance at the 1%, 5% and 10% level, respectively.

4.2 Financial constraints

Next, I attempt to understand how financial constraints relate to the responses of growth

and value stocks to monetary policy. Several studies have proposed different measures of

financial constraint. Here, I follow Gürkaynak et al. (2022) and use the measure of Schauer

et al. (2019), who uses a weighted average of size, interest coverage, return on assets, and cash

holdings to construct a financial constraint index on firm-level. This measure has been shown

to outperform other financial constraint measures (see Schauer et al. (2019) for details).

After constructing the financial constraint index, I average it over the previous four

quarters to create a yearly measure. Finally, as proposed by Schauer et al. (2019) I use the
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financial constraint index to construct two groups of constrained and unconstrained firms.

Specifically, a create a dummy variable, FC, which takes the value of 1 if the firm’s value of

the financial constraint index is larger than the sample median, and 0 otherwise. Table 2

shows that FC has a correlation with market to book equity of -20% implying that, at least

for this measure of financial constraint, value stocks are more financially constrained.

Column 3 of Table 9 shows that financial constraints have a positive and significant

effect on the sensitivity of stock returns to monetary policy. Financially constrained firms

respond, ceteris paribus, 3 percentage points more, to monetary policy. Column 4 runs the

same regressions but includes market to book equity. It shows that, after controlling for

the effects of financial constraints, market to book equity is still significantly different from

0 and its magnitude remains unchanged to the results presented in Table 3. This result

confirms that, even though financial constraints, do explain heterogeneous responses of the

cross-section of stock returns, they do not explain the response of growth and value stocks.

Equation 2 implies that the duration effect complements the effects of financial con-

straints. Hence, the equation motivates a triple interaction factor of financial constraints,

duration, and monetary policy. Column 5 shows the results of this regression. The coeffi-

cient of the triple interaction is positive and significantly different from zero. Hence, when

accounting for the interaction effect of duration, financial constraints do have explanation

power over growth and value stocks.

5 Policy surprises and stock price decomposition

This section conducts a Campbell & Shiller decomposition to separate the return responses

to monetary policy in risk premium, risk-free rate, and cash flow effects. As I previously

showed the cash flow duration can account for a good portion of the variation in response

of growth and value stocks. Yet, there could be effects coming from these three components

that could be reinforcing or counteracting the duration effect. This section attempts to

address these.

The log-linearization implies that the duration is pinned down by the steady state log

dividend yield, d̄p (specifically, Dur = 1 + e−d̄p). Because it is common to assume that ρ

is equal through the different decompositions, the duration effect will be “assumed away”

in this section. This is an advantage, because the Campbell & Shiller decomposition will

capture the effects on discount rates and cash flow without the duration effect.

To ensure robustness of the results, I proceed with the decomposition analysis on the

Russel Indexes and Fama and French portfolios. Due to the limitations of the decomposition

to monthly data, I abdicate of a firm-level analysis because of the significant amount of noise.
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5.1 Decomposing stock returns

Following the log-linearization of Campbell and Shiller (1988) current stock price movements

can be explained by revisions on future expected dividends, expected excess returns or real

rates. Formally, the unexpected component of stock returns is given by following identity:

eyt+1 = ẽdt+1 − ẽrt+1 − ẽyt+1 (3)

where

eyt+1 = (Et+1 − Et)yt+1

ẽdt+1 = (Et+1 − Et)
∞∑
j=0

ρj∆dt+1+j

ẽrt+1 = (Et+1 − Et)
∞∑
j=0

ρjrt+1+j

ẽyt+1 = (Et+1 − Et)
∞∑
j=1

ρjyt+1+j

d is the log-dividend, r the real rate and y the excess return. The log-linearization

introduces ρ, which is the steady-state ratio of the equity price to the price plus dividend.

Following Campbell and Ammer (1993) I set it to 0.9962.

Given identity 3 the variance decomposition of unexpected equity returns can be deter-

mined:

V ar(eyt+1) = V ar(ẽdt+1) + V ar(ẽrt+1) + V ar(ẽyt+1)

− 2Cov(ẽdt+1, ẽ
r
t+1)− 2Cov(ẽdt+1, ẽ

y
t+1) + 2Cov(ẽrt+1, ẽ

y
t+1)

(4)

The work of Campbell and Ammer (1993) provides a VAR specification to estimate these

future expectations. Let zt be a vector of state variables, which include the expected returns

and the real rates. Then:

zt+1 = Azt + εt+1 (5)

Equation 5 enables to back up the news on expected excess returns, real rates, and current
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expected returns:

eyt+1 = syεt+1

ẽyt+1 = syρA(1− ρA)−1εt+1

ẽrt+1 = sr(1− ρA)−1εt+1

where sy and sr are selection matrices for y and r, respectively.

The news on future dividends are estimated as residuals of the identity:

ẽdt+1 = eyt+1 + ẽyt+1 + ẽrt+1

Following the studies of Campbell and Ammer (1993), Bernanke and Kuttner (2005) and

Maio (2014) I use a six variable state vector which include the excess equity return, the

real interest rate (1-month treasury bill adjusted by the CPI), the relative bill rate (the 3-

month treasury bill minus its 12-month lagged moving average), the change in the 3-month

treasury bill, the dividend price ratio, and the spread between the 10-year and 1-month

Treasury yields.

Table 10 shows the variance decomposition of excess returns (calculated with equation

4). As the price-dividend ratios of the Russel Index go back only to 1995, I extrapolate

the data using the fitted value of a regression of the price-dividend ratio of the S&P500 on

the price-dividend ratio of both Russel indexes. In this way the sample starts in 1979. As

previously documented, the variance of S&P500 returns is mainly explained by the variance

of cash-flow news, future excess returns news and their covariance. The variance of future

dividends has the largest share.

When comparing the Russel Value and Growth Index two features stand out: First, the

variance of future returns for the Russel Growth Index is much higher than for the Russel

Value Index (Future returns of growth stocks vary almost as much as the unexpected excess

returns). Second, the covariance of dividends and future excess returns is much higher in

magnitude, but it is also positive. Although the variance of dividends makes up around 55%

for both indexes, future excess returns make up almost 90% in the growth index. This is

offset by the large positive covariance between dividends and future returns.

An important caveat, pointed out by Bernanke and Kuttner (2005), is that the de-

composition will attribute too much weight to dividends, in case the VAR understates the

predictability of expected returns. The low adjusted R squared shows that this understate-

ment might exist. The price-dividend ratio is a significant predictor of future returns for the

Russel Growth Index, but not for the Russel Value Index and the S&P 500 (see Table C.3
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in appendix). This might be the reason why the variance of future returns of value stocks

are considerably lower than for growth stocks.

Table 10: Variance decomposition of excess equity returns

S&P500 Russel Value Russel Growth

Total Share (%) Total Share (%) Total Share (%)

var(excess return) 18.50 17.46 23.78

var(dividends) 7.36 39.76 9.69 55.50∗ 13.54 56.95∗∗

(25.62) (31.72) (25.84)

var(future returns) 2.78 15.01 2.42 13.86 20.93 88.01

(22.36) (17.46) (90.18)

var(real rates) 0.87 4.72∗ 0.97 5.57∗ 0.78 3.27∗∗

(2.73) (3.31) (1.58)

- 2 cov(div, future excess return) 4.99 26.97 2.29 13.13 -12.79 -53.80

(17.35) (33.12) (118.39)

- 2 cov(div, real rate) 1.94 10.51 2.08 11.91 -0.93 -3.91

(13.52) (17.41) (8.31)

2 cov(future excess return, real rate) 0.56 3.02 0.00 0.03 2.25 9.47

(7.96) (12.65) (17.81)

R̄2 from excess return equation -0.01 -0.00 0.01

The table shows the decomposition of the variance of current unexpected excess returns into the variances

of unexpected future dividends, real interest rates, future excess returns, as well as the covariances among

them. The results are constructed using a first-order VAR, which includes the excess equity return, the

real interest rate, the relative bill rate, the change in the 3-month bill rate, the dividend price ratio, and

the spread between the 10-year and 1-month Treasury yields. The sample period goes from Jan-1978 to

Dec-2018. Standard errors are calculated using the delta method and are shown in parentheses. ∗∗∗, ∗∗ and
∗ denote significance at the 1%, 5% and 10% level, respectively.

5.2 Effects of monetary policy on aggregated news

Bernanke and Kuttner (2005) extend Campbell and Ammer (1993)’s approach to account for

the effects of monetary policy surprises on the news components. Specifically, they include

monetary policy surprises in the VAR:

zt+1 = Azt + Φmpst+1 + νt+1 (6)

Since monetary policy surprises and the lagged state variables are orthogonal, Bernanke

and Kuttner (2005) estimate the regression above using a two-step estimation method. First,
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the dynamics of the first-order VAR are estimated without the policy surprise. In the second

step, the residuals are regressed on the monetary policy surprises. This method allows to

use a larger sample to estimate the matrix A and thus obtain more precise estimates. The

effects of monetary policy surprises are given as follows:

ηy = syΦ

ηr = sr(1− ρA)−1Φ

ηỹ = syρA(1− ρA)−1Φ

ηd = (sy + sr)(1− ρA)−1Φ

Since the VAR specification requires a steady frequency, the model is estimated in a

monthly frequency. Table 11 shows the estimated responses of the S&P500, Russel Value

Index and Growth Index. The results for the S&P500 favour cash flows news as the main

component affected by monetary policy, i.e., price movements in the stock market caused

by monetary policy arise mainly, because investors revise their expectation of future cash

flows. This outcome resembles the results of Bernanke and Kuttner (2005), even though

their policy surprise is different. Table 11 also shows that transmissions of monetary policy

to value and growth stocks differ considerably. Monetary policy affects prices of growth stock

mainly through revisions of future excess returns whereas they affect value stocks (similarly

to the aggregate market) through revisions of future dividends. The economic reason why

revisions of the risk premium for growth stocks are larger than for value stocks is not clear.

Revisions to expected real rates are flat as expected, since duration is equal in both cases,

for the Russel Value Index and Growth Index.
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Table 11: Breakdown of monetary policy effects on unexpected excess returns

S&P500 Russel Value Russel Growth

Current excess return -16.86∗∗∗ -14.08∗∗∗ -21.34∗∗∗

(5.34) (5.34) (6.18)

Future excess returns 1.38 1.70 18.74∗∗∗

(2.99) (2.95) (6.29)

Real interest rate 2.77∗∗ 3.55∗∗∗ 2.83∗∗

(1.26) (1.35) (1.21)

Dividends -12.71∗∗∗ -8.83∗∗ 0.23

(3.64) (4.31) (5.25)

The table estimates the impact of monetary policy surprises on the current unexpected excess return and

its different components. I estimate a VAR(1) with the excess equity return, the real interest rate, the

relative bill rate, the change in the 3-month bill rate, the dividend price ratio, and the spread between the

10-year and 1-month Treasury yields. The VAR is estimated from Jan-1979 to Dec-2018. The monetary

policy surprises are monthly aggregated and go from the Jan-1990 to Dec-2018. Coefficients are estimated

in two-steps. Standard errors are calculated using bootstrapping and are shown in parentheses. ∗∗∗, ∗∗ and
∗ denote significance at the 1%, 5% and 10% level, respectively.

To gain a better understanding of why revisions of future discount rates are stronger

for growth stocks, Figure 11 plots the impulse response of the excess return regression. The

figure helps to see the difference in the long-run forecastability in excess returns. The reaction

of value excess returns is minor after one year (and negative) whereas the response of growth

stocks is positive and relatively big even after 25 months. Discounting these responses to

the present and summing them up yields a big positive reaction of future discount rates.
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Figure 4: Impulse response of excess returns
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The figure shows the impulse responses of the excess returns from Russel growth and value stocks after a

monetary policy surprise up to 25 periods ahead. The contemporaneous effect is omitted for illustrative

purposes. I estimate a VAR(1) with the excess equity return, the real interest rate, the relative bill rate, the

change in the 3-month bill rate, the dividend price ratio, and the spread between the 10-year and 1-month

Treasury yields. The VAR is estimated from Jan-1979 to Dec-2018. The monetary policy surprises are

monthly aggregated and go from the Jan-1990 to Dec-2018. Coefficients are estimated in two-steps.

5.3 Decomposition of Fama and French portfolios

In this section I repeat the Campbell-Shiller decomposition for Fama and French portfolios

sorted by market-to-book equity. The goal is to investigate the effects of policy surprises on

a lower level of aggregation. Figure 5 plots the responses of the unexpected excess returns

and from its three components against the ten deciles.
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Figure 5: Response of unexpected excess returns to policy surprises using Fama and French
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The figure shows the reaction of the single components of the unexpected excess returns of Fama and French

portfolios. The portfolios are sorted from low to high market-to-book equity. I estimate a VAR(1) with

the excess equity return, the real interest rate, the relative bill rate, the change in the 3-month bill rate,

the dividend price ratio, and the spread between the 10-year and 1-month Treasury yields. The VAR is

estimated from Jan-1979 to Dec-2018. The monetary policy surprises are monthly aggregated and go from

the Jan-1990 to Dec-2018. Coefficients are estimated in two-steps. Standard errors are calculated using

bootstrapping. 95% confidence intervals are drawn around the point estimation.

The upper left figure shows that the response of the forecasting errors to monetary policy

decreases with market-to-book equity, i.e., the revision of stock prices with relatively high

market-to-book equity is larger. The magnitude of the response doubles from the first to the

last decile. The discount rate news is typically positive and increases on the deciles, implying

that the impact of monetary policy on revisions of discount rates are stronger growth stocks.

The revisions of future real rates are, with exception of the last decile, positive and do

not vary significantly. It is noteworthy that the portfolio deciles indicate different insights

regarding the revisions of future cash flows. Given the outcome in Table 11 an increasing

pattern of the impacts on cash flow news would be expected. Indeed, the cash flow revisions

for the first portfolio is notably larger in magnitude, but this pattern does not continue for
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the other portfolios. Generally, Figure 5 confirms the higher sensitivity of discount rates

news for growth stocks from the previous analysis, but not of the cash flow news for value

stocks.

6 Theoretical framework

In this section I show how to reconcile my results of value and growth stocks with a theoretical

model. To do so, I use the model from Lettau and Wachter (2011), which is the baseline

asset pricing model on the behaviour of growth and value stocks. In this model firms differ

solely by the cash flow duration. This mechanism and the fact that only dividend shocks are

priced enables the model to match the value premium seen in the data.

Is is important to notice that, although my empirical results show indeed that there

are probably other sources of heterogeneity in the responses of growth and value stocks to

monetary policy, these results are harder to motivated by economic theory and might over

complicate the model dynamics. I leave the construction of a structural and more complex

model for future research.

I model the dynamics of four different variables: Aggregate dividend growth, expected

dividend growth, risk-free rate, and price of risk.

∆dt+1 = zt + ud
t+1

zt+1 = (1− ϕz)g + ϕzzt + uz
t+1

rft+1 = (1− ϕr)r̄
f + ϕrr

f
t + urf

t

xt+1 = (1− ϕx)x̄+ ϕxxt + ux
t+1

(7)

ut are iid normal reduced-form shocks with mean 0 and standard deviation σ.

Following Lettau and Wachter (2011) I assume that only fundamental dividend risk is

priced. The stochastic discount factor is given by

Mt+1 = exp

(
−rft+1 −

1

2
σ2
dx

2
t − xtσdϵt+1

)
Let P

(n)
t denote the time-t price of the asset that pays the aggregate dividend at time

t + n (from here on referred to as zero-coupon equity). Then, the price-dividend ratio of a

zero-coupon equity is affine on the state variables (see Lettau and Wachter (2011) for the

complete derivation):
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P
(n)
t

Dt

= exp
(
A(n) +B(n)

z (zt − g) +B(n)
r (rft+1 − r̄f ) +B(n)

x (xt − x̄)
)

(8)

with coefficients

B(n)
z =

1− ϕn
z

1− ϕz

B(n)
r = −1− ϕn

r

1− ϕr

and

B(n)
x = B(n−1)

x (ϕx − σdx)− σ2
d −B(n−1)

z σdz −B(n−1)
r σdr

with boundary condition B
(0)
x = 0. The aggregate market portfolio is the claim to all future

dividends. Therefore, under certain parametric conditions the price dividend ratio of the

market is

Pt

Dt

=
∞∑
n=1

P
(n)
t

Dt

=
∞∑
n=1

exp
(
A(n) +B(n)

z (zt − g) +B(n)
r (rft+1 − r̄f ) +B(n)

x (xt − x̄)
)

(9)

Note that the price–dividend ratio is not an affine function of the state variables. Lettau

and Wachter (2011) calculate the aggregate return by first aggregating the price-dividend

ratio. I instead opt to first derive a close form solution for the returns on the zero-coupon

equity and then aggregate to the market. The reason is that I am interested in understanding

how the effects of monetary policy on returns depend on the dividend payment of the assets.

Taking the log of Equation 8 and subtracting the price one-period forward by the price

from today yields:

r
(n)
t+1 = p

(n−1)
t+1 − p

(n)
t = A(n−1) − A(n) + [B(n−1)

z (zt+1 − g)−B(n)
z (zt − g)]+

[B(n−1)
r (rft+2 − r̄f )−B(n)

r (rft+1 − r̄f )] + [B(n−1)
x (xt+1 − x̄)−B(n)

x (xt − x̄)] + ∆dt+1

Next, I subtract the one-period expected return from realized returns. The only remaining

components is the reduced-form shock.

r
(n)
t+1 − Et

(
r
(n)
t+1

)
=
(
B(n−1)

z uz
t+1 +B(n−1)

r urf

t+1 +B(n−1)
x ux

t+1 + ud
t+1

)
(10)

Knox and Vissing-Jorgensen (2022) show that the one-period return on the market can

be expressed as the value-weighted average of the one-period returns. Hence, I can aggregate

the zero-coupon equity returns to get the market return as a function of the state variables.
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rt+1 − Et (rt+1) =
∞∑
n=1

w
(n)
t

(
B(n−1)

z uz
t+1 +B(n−1)

r urf

t+1 +B(n−1)
x ux

t+1 + ud
t+1

)
(11)

where w
(n)
t =

P
(n)
t

Pt
.

The weights, w
(n)
t , are non-linear functions of the state variables. To facilitate the calcula-

tion, I assume that the state variables are equal to their unconditional mean when calculating

the weights. To analyse the importance of this assumption, Figure 6 plots the weights, for

the case when the state variables are equal to their unconditional mean and for the case

when they are 1 standard deviation away from the mean. The weight difference converges

to zero and is very similar after 20 years. Generally, the weights are not very sensitive to

the state variables.6

Figure 6: Zero-coupon equity weights
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The figure shows the weights in percent defined as the price of a zero-coupon equity relative to the price of
the market portfolio for each maturity up to 750 quarters.

The parameters are calibrated in a monthly basis. The persistence parameters, the

unconditional mean and volatility in Equation 7 are taken from Lettau and Wachter (2011)

and the frequency is adjusted accordingly. Table 12 shows the calibrated parameters.

6As a robustness check I simulated 100,000 weights distributions. The median and the 95% confidence
intervals are similar to Figure 6.
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Table 12: Summary of calibration

Parameter Value Description
ϕr 0.99 Persistence risk-free rate
ϕd 0.98 Persistence exp. div growth
ϕx 0.97 Persistence price of risk
r̄f 8 bp mean of risk-free rate
g 10.75 bp mean of exp. div growth
x̄ 29.44 mean of xt/σ

d

σd 2.89% std. deviation of div. growth
σrf 0.07% std. deviation of risk-free rate
σz 0.09% std. deviation of exp. div. growth
σx 4 std. deviation of xt/σ

d

ρdz -0.83 corr. of div growth and its expectation
ρdr -0.3 corr. of divi growth and risk-free rate
ρzx 0.35 corr. of exp. div growth and price of risk

ρdx, ρzr, ρxr 0 further correlations

The table shows the parameter calibration according to Lettau and Wachter (2011) and adjusted to monthly
frequency.

6.1 Identification of monetary policy

To reconcile the model with the empirical evidence, an assumption about how monetary

policy interacts with the returns has to be made. The shock, ui
t, is a reduced-form shock, i.e.

a combination of structural shocks. Hence, I assume that around FOMC announcements,

the reduced-form shock is mainly driven by a monetary policy shock, i.e. ui
t = aiεMP

t , where

i = d, z, rf , x. Furthermore, I assume that monetary policy does not affect dividend payment

contemporaneously, i.e. ad = 0.

Given these assumptions Equation 11 reduces to

rt+1 − Et (rt+1) =
∞∑
n=1

w
(n)
t

(
azB

(n−1)
z + arB

(n−1)
r + axB

(n−1)
x

)
εMP
t+1 (12)

The model predicts that monetary policy shocks affect the return of a zero-coupon equity

either through effects on the real rate, expected dividend growth, or price of risk. The effects

on the term structure of equity are determined by the loadings B.

To identify ar, az, and ax, I use Equation 12 to calibrate the three parameter using the

responses of the S&P 500 decomposition. Recall that the effect of monetary policy surprise

on each component of the S&P 500 is -12.7, 2.8, and 1.4 for dividends, real rates and risk

premium, respectively. Hence, I can match the three components of the model to these

results. The a’s are implied by following equations:
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∞∑
n=1

w
(n)
t B(n−1)

z az = −12.7

∞∑
n=1

w
(n)
t B(n−1)

r ar = −2.8

∞∑
n=1

w
(n)
t B(n−1)

x ax = −1.4

Solving for the a’s yields:

az =
−12.7

∞∑
n=1

w
(n)
t B(n−1)

z

(13)

ar =
−2.8

∞∑
n=1

w
(n)
t B(n−1)

r

(14)

ax =
−1.4

∞∑
n=1

w
(n)
t B(n−1)

x

(15)

Table 13 Panel A shows the estimates for the one-period monetary policy effects on the

state variables. I calculate wn
t in three different cases: When the state variables are equal to

their unconditional mean and for the case when they are one standard deviation higher or

lower than the unconditional mean.

Overall a tightening monetary policy shock increases the risk-free rate, and price of risk,

and decreases dividend growth expectations, which is in line with the duration and cash-flow

effects of monetary policy. Furthermore, the estimates are not very sensitive to changes in

the state variables. The fact that the coefficients are so different in magnitude deserves some

attention. First, notice that they are all in percent. For example, a positive monetary policy

surprise increases the 1-month real rate by 3 basis points. Although this number sounds low,

recall from Table 12 that the standard deviation of the real rate is 7 bp and the unconditional

mean 8 bp. Table 13 Panel B shows the response of each state variable relative to its mean

and standard deviation. It shows that while real rates and price of risk move about 3 to 5 %

of its standard deviation, dividend growth reacts with movements about one third times its

standard deviation. Hence, it implies that dividend growth is substantially more sensitive

to monetary policy.
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Table 13: Effects of monetary policy surprises on stock returns

Panel A: Estimated response of response

ar az ax

mean 0.03 -0.29 106.89
+ 1sd 0.03 -0.31 114.49
- 1sd 0.03 -0.27 100.56

Panel B: Relative response of state variables

Mean 36.5% -265.3% 3.6%
Std dev. 4.7% -36.27% 3.1%

Panel C: Response to monetary policy

Value Market Growth
Data -14.08% -16.86% -21.34%
Model -13.53% -16.86% -20.18%

Panel A shows the estimated effects of monetary policy surprises on stock returns on each of the state
variables. Panel B shows the estimated effects of monetary policy surprises on stock returns on each of the
state variables relative to their unconditional mean and standard deviation. Panel C illustrates the response
of value and growth stocks to monetary policy from the model and the data.

I first investigate how the term structure of equity reacts to monetary policy. Figure 7

shows the response of the term structure of equity and its components to monetary policy

implied by the model. Overall, the zero coupon equity returns are mainly driven by revisions

on cash flows. Because dividend growth is expected to increase over time, the further the

dividend payment in the future, the higher will be its revisions to monetary policy. Risk

premium and real rate are very small, implying that the duration effect is minor in compar-

ison to the cash flow effect. Hence, the model implies that growth stocks are more sensitive

to monetary policy, since their expected cash flows are larger. This result contradicts the

literature that argues that the duration effect is the main driver of monetary policy.

6.2 Growth and value stocks

To construct the growth and value stocks, Lettau and Wachter (2011) assume a deterministic

shares process, which is added to the model after simulating the zero-coupon equities. For

the sake of this paper, I construct the returns of growth and value stocks by changing the

weights w
(n)
t , which is a simpler approach and does not require simulation. A value-weighted

portfolio of zero-coupon equity is the market portfolio. However, slightly increasing the

weights on securities that pay dividend relative early yields value portfolios, whereas doing

the opposite results in growth portfolios.
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Figure 7: Zero-coupon equity returns decomposition
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The figure shows the response of the zero-coupon equity returns to monetary policy in percent. The response
is decomposed in effects of real rates, risk premium, and dividend growth revisions.

I construct a growth index by assuming equal-weights. To construct the value index, I

take the difference between weights of the market portfolio and the growth portfolios and

sum it to the market portfolio. Figure 8 show the weights of the growth and value indexes

by maturity. The growth portfolio weights all zero-coupon equity identically. Thus, it has,

relative to the market, a higher weight on stocks with higher duration. The value index, on

the other hand, has relatively high weights on short-maturity equities.

Table 13 Panel C shows the reactions of the market, as well as the growth, and the

value portfolios to monetary policy. The market reaction to monetary policy is equal to

the empirical results by construction and is shown only for comparison with the growth and

value portfolio. In line with the data, the model implies that growth stocks respond more

to monetary policy and the spread return is about 6 percentage points. The model matches

the responses of the Russel Growth and Value indexes well, which might imply that the zero

coupon equity weights from the Russel 1000 might be similar to the ones assumed here.
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Figure 8: Zero-coupon equity weights for growth and value portfolios
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The figure shows the distribution of weights of the growth and value portfolios relative to the market portfolio.

7 Conclusion

This paper provides substantial new evidence of monetary policy channels to stock returns.

Firms with higher valuation, in form of market-to-book equity, experience a relatively greater

drop in stock prices following a tightening surprise. This result is consistent across different

levels of aggregation and is thus not susceptible to diversification or idiosyncratic noise. I

also explain why my findings contradict those of Maio (2014), who found the opposite effect.

To identify the causal effect of monetary policy on stock returns, it is crucial to use an

exogenous policy surprise. In addition, lower frequency data may increase the noise and

make it difficult to identify any effect. An investigation of the dynamic responses reveals

that the stronger response of growth stocks compared to value stocks is persistent and can

endure for over two weeks. The magnitude of the stronger response can reach up to 10%

even after several days.

It is well-known that growth stocks are higher duration assets, yet it is still unclear

whether this is the determining factor for the stronger response of growth stocks to monetary

policy. To shed light on this question, I show through a firm-level panel regression that

cash flow duration indeed explains the sensitivity of growth relative to value stocks. I also
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provide evidence, that financial constraints explain a significant portion of cross-sectional

stock returns responses to monetary policy, but they are not related to market-to-book

equity and monetary policy jointly.

A Campbell-Shiller decomposition demonstrates that growth stocks react more, because

investors revise their expected future risk premium more strongly for growth stock than for

value stocks following a monetary policy surprise. This effect complements the duration

effect, as growth and value stock have the same duration in the Campbell & Shiller by

construction. I leave for future research to understand the economic reasons why revisions

in discount rates are stronger for growth stocks. Finally, I build upon the model of Lettau and

Wachter (2011) and show how my empirical results on the duration effect can be reconciled

in an asset pricing model. The model matches the sensitivity of responses of growth and

value stocks found in the data. This speaks in favour of duration being indeed the main

driver of the different sensitivities.
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Appendix

A Derivation of monetary policy surprises

This exposition closely follows Gürkaynak et al. (2005) Appendix. The Federal funds future
contracts have a settlement price which is based on the average federal funds rate over the
month specified in the contract.7. Let i0 be the average federal funds rate prevailing before
the fed’s decision at time t−∆t and i1 the rate after the decision at time t. Finally, denote d
as the day of the month of the announcement and D the total number of days in the month.
Then, the implied spot rate before the FOMC meeting is

ff 1
t−∆t =

d

D
i0 +

D − d

D
Et−∆t(i1) + µ1

t−∆t (A.1)

Where µ1 is the risk premium. Leading this equation to after the meeting yields:

ff 1
t =

d

D
i0 +

D − d

D
i1 + µ1

t (A.2)

Kuttner (2001) calculates the surprises by subtracting the spot rate after from the spot
rate before the meeting:

mp1t ≡ i1 − Et−∆t(i1) ≈ [ff 1
t − ff 1

t−∆t]
D

D − d
(A.3)

Two remarks are important here: First, the equation holds only if changes in risk premium
µ in this window is small in comparison to the change in expectations itself. An assumption
which is backed empirically by Piazzesi and Swanson (2008). Second, the scale (D − d)/D
can lead to measurement errors if the FOMC meetings occur very late in the month. Because
of that, the unscaled change in the next-month federal funds futures contract is used in the
announcements that takes place in the last seven days of the month.

Gürkaynak et al. (2005) extend this analysis to extract two monetary policy surprise
factors. They argue that two latent factors can better describe asset prices movements. The
Kuttner shock captures current policy surprises, but not changes in the future expectation
of these surprises, something which affects asset prices as well. To enhance the analysis, they
consider next to the current month federal funds rates future contracts, the three-months
funds future contract, and the prices of eurodollars future contracts with maturity 1.5, 2.5
and 3.5 quarters to expiration on average. Formally, let X be a vector of the standardized
changes in the future prices. I can decompose X in five principal components F with loadings
in Λ.

X = FΛ (A.4)

Nakamura and Steinsson (2018) take the first factor with the largest R2, call it F1 and
rescale it so it has a one unit impact on the one year treasury yield change. Let ∆y1 denote

7More precisely, the value at expiration is 100 minus the average federal funds rate.
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the daily change in the one year treasury yield. I run the regression:

∆y1 = ρF1 + ϵ (A.5)

In which case the NS surprise is:
mps = F1 · ρ (A.6)

B Fixed Effects Specification

B.1 Omitted variable bias

I first consider the case when there is an omitted variable bias which is time but not firm
dependent. This variable could be, for example, business or credit cycles. especially the latter
increases the valuations in the markets and thus might be correlated with market-to-book
values and stock returns.

Consider following population model for a given firm i and announcement dates t =
1, 2, .., T :

rt,i = β0 + β1 ×mpt + β2 ×mbi,t + β3 ×mpt ×mbi,t + γ0 × ct + γ1 × ct ×mpt + εi,t (B.1)

where r denotes returns, mp monetary policy surprises and mb market-to-book ratio. Also,
c is an unobserved effect which is firm invariant.

Since mbi,t and ct are potentially correlated, I can write c as a linear projection of mb:

ct = δ0 + δ1 ×mbi,t + νt (B.2)

Plugging it back in B.1 yields:

ri,t = (β0 + γ0δ0) + (β1 + γ1δ0)×mpt + (β2 + γ0δ1)×mbi,t+ (B.3)

(β3 + γ1δ1)×mbi,t ×mpt + νt + εi,t (B.4)

If I ignore ct, the probability limit of the Pooled OLS estimator for the interaction effect
of monetary policy and market-to-book equity will be:

plim β̂3 = β3 + γ1 ×
Cov(mbi,t, ct)

V ar(mbi,t)
(B.5)

The Pooled OLS estimator is biased and inconsistent, if γ1 and δ1 are different from zero.
Moreover, given that mb and valuations are likely positively correlated, the estimator of the
effects of monetary policy on stock returns will be overestimated (Consistent with the results
in table 4 later).
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B.2 Correcting the bias with Fixed Effects

To construct the fixed effects specification we calculate the average of all variables in equation
B.1 and subtract them from the equation. Formally:

r̈t,i = β2 × m̈bi,t + β3 × ¨(mpt ×mbi,t) + ε̈i,t (B.6)

Where ẍi,t = xi,t − x̄t and x̄t = N−1
∑N

i=1 xi,t.
Notice that because I have an omitted variable which is only time-dependent I will not be

able to differentiate between its effects and the effects of the other time-dependent variables
which I actually observe, such as mpt. In fact, because of that I cannot estimate the true
partial effect of monetary policy on stock returns using time fixed effects, but only the
differences in effects with an increasing market-to-book equity.

Likewise, I can repeat this analysis by assuming that there is a unobserved effect which
is constant over time but varies across firms. This could be, for example, managerial quality
or industry. To account for this effect I demean the variables averaging over the firm’s
dimension.

C Further empirical results

Figure C.1: Portfolio reaction of MBE sorted portfolios using Fama and French portfolios

−15

−10

−5

1 2 3 4 5 6 7 8 9 10
Decile

E
st

im
at

ed
 r

es
po

ns
e

The figure shows the average reaction of the 10 decile portfolios sorted by market-to-book equity using NS
surprises against the mean market-to-book equity. 10% confidence intervals are drawn around the point
estimation. The samples goes from January 1990 to December 2018.
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Table C.1: Reaction of spread portfolios to monetary policy surprises using Fama and French
portfolios

10% - 10% 30% - 30% 50% - 50% 90% - 10% 10% - 90%

mps −5.38∗ −4.04∗∗ −2.76∗∗ −1.61∗ −4.37∗

(2.77) (1.93) (1.28) (0.93) (2.42)
Constant −0.06 −0.01 −0.01 −0.03 −0.03

(0.05) (0.03) (0.02) (0.03) (0.04)

N 255 255 255 255 255
R2 0.04 0.07 0.07 0.02 0.06

The table estimates the regression rst = α+β×mpst+εi,t using the sample from January 1990 to December
2018, where rst is the return of the spread portfolio. The spread portfolios are formed by sorting firms
according to the market-to-book ratio and subtracting the 50%, 30% and 10% highest from the lowest
companies each period. The last two columns show the spread portfolio of the 90% highest companies and
the 10% lowest and vice-versa. White standard errors are computed. ∗∗∗, ∗∗ and ∗ denote significance at the
1%, 5% and 10% level, respectively.

Table C.2: Summary Statistics VAR variables

Variable RR DRF R-Bill SPREAD DP EX

mean 0.09 0.00 -0.08 1.28 -3.71 0.32
S&P500 sd 0.36 0.06 1.09 1.17 0.42 4.31

max 2.00 0.35 4.61 3.40 . -2.77 11.96
min -0.95 -0.45 -4.22 -3.07 -4.50 -25.14

mean 0.09 0.00 -0.08 1.28 -3.52 0.26
Russel Value sd 0.36 0.06 1.09 1.17 0.27 4.20

max 2.00 0.35 4.61 3.40 -2.93 10.87
min -0.95 -0.45 -4.22 -3.07 -4.02 -23.51

mean 0.09 0.00 -0.08 1.28 -4.18 0.36
Russel Growth sd 0.36 0.06 1.09 1.17 0.47 4.92

max 2.00 0.35 4.61 3.40 -3.43 12.91
min -0.95 -0.45 -4.22 -3.07 -5.88 -27.13

The table shows the summary statistics of the variables used in the first-order VAR: The real interest rate
(RR), change in the 3-month bill rate (DRF), the relative bill rate (R-Bill), the spread between the 10-year
and 1-month Treasury yield (SPREAD), the log of dividend price ratio (DP) and excess return (EX). The
sample goes from Jan-1979 to Dec-2018.
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Table C.3: Excess return regression on state variables

S&P500 Russel Value Russel Growth

RR −0.22 −0.12 −0.43
(0.59) (0.58) (0.67)

DRF −0.19 1.45 −1.08
(3.38) (3.29) (3.83)

R-Bill −0.10 0.003 −0.25
(0.23) (0.23) (0.26)

SPREAD 0.13 0.21 0.03
(0.21) (0.20) (0.23)

DP 0.004 0.01 0.01∗∗

(0.005) (0.01) (0.005)
EX 0.05 0.07 0.06

(0.05) (0.05) (0.05)

N 479 479 479
R2 0.01 0.01 0.02

The table shows the regression of excess equity returns on lagged excess equity return, the real interest rate,
the relative bill rate, the change in the 3-month bill rate, the dividend price ratio, and the spread between the
10-year and 1-month Treasury yields. All variables are demeaned. The sample period goes from Jan-1979
to Dec-2018. ∗∗∗, ∗∗ and ∗ denote significance at the 1%, 5% and 10% level, respectively.
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