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SUMMARY

Countercyclical variation in expected returns is a key feature of today’s leading asset

pricing models. In these models, investors’ expected returns are inversely related

to the state of the economy and therefore low in economic expansions and high

in recessions. This relation between macroeconomic risk and asset returns is a key

organizing principle of asset pricing theory with rational economic agents. However,

Greenwood and Shleifer (2014) recently wrote an influential paper in which they argue

that the actual return expectations of investors are procyclical and extrapolative; the

complete opposite to what the economic models prescribe. This thesis contains three

self-contained chapters that each provides new empirical evidence on time-varying

expected returns in financial markets in light of Greenwood and Shleifer’s findings.

The first chapter, "Countercyclical Expected Returns" (joint work with Stig Vinther

Møller and Thomas Quistgaard Pedersen), re-examines the evidence of procyclical

return expectations. Central to the finding of Greenwood and Shleifer (2014) is the

use of survey data to quantify market participants’ otherwise unobservable return

expectations. While Greenwood and Shleifer focus on retail investors and use surveys

from various sources, in this paper, we use data from The Livingston Survey of Pro-

fessional Economists and find that expected returns of these investors are strongly

negatively correlated with economic growth and various business cycle indicators.

Our results provide strong evidence that expected returns of professional economists

depend on macroeconomic conditions in a rational way and have a clear counter-

cyclical component. In particular, we find that expected stock returns are higher

in bad economic times than in good economic times. As such, return expectations

from the Livingston survey are consistent with asset pricing models with rational

economic agents and strongly support that countercyclical risk premia play a key

role in the pricing of equities.

The second chapter, "Return Predictability in Federal Funds Futures: Is it There?",

studies return predictability in the market for short-term debt instruments: the money

market. In an impactful paper, Piazzesi and Swanson (2008) use in-sample regres-

sions to show that futures on the federal funds rate, so-called federal funds futures,

contain a time-varying and predictable risk premium. However, concurrently, Goyal
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viii SUMMARY

and Welch (2008) forcefully argue that asset returns cannot be predicted out-of-

sample. This paper studies the out-of-sample predictability of excess returns to

federal funds futures using the advanced forecasting techniques Dynamic Model

Averaging (Raftery, Karny, and Ettler, 2010) and Complete Subset Regressions (Elliott,

Gargano, and Timmermann, 2013). Taking into account publication lag and revi-

sions of macroeconomic data, I find evidence of predictable excess returns in federal

funds futures. However, this predictability does not translate into systematic eco-

nomic value to investors, nor does it improve the accuracy of futures as risk-adjusted

forecasts of the federal funds rate. As such, these results suggest that time-varying

expected returns are not the main driver behind return predictability in the money

market.

In the third and final chapter, "Monetary Policy Expectation Errors" (joint work

with Maik Schmeling and Andreas Schrimpf), we use survey data from Blue-Chip Fi-

nancial Forecasts to decompose excess returns to federal funds futures and overnight

index swaps into an expected excess return, the term premium, and an expecta-

tions error component. We find that in the money market, excess returns are almost

entirely driven by expectation errors while term premia are slightly negative and

economically small. In a recent paper, Cieslak (2018) show that market participants

make systematic errors in their expectations of the short-rate. Going further, we show

that most of these expectation errors stem from market participants underestimating

how aggressively the Federal Reserve has eased monetary policy during the last three

decades. The fact that market participants did not foresee this does not entail that

they have "irrational expectations". Rather, our evidence suggests that they were un-

aware of changes in the central bank’s reaction function, in particular the importance

attributed to deteriorating financial conditions and falling stock market returns. We

underpin this interpretation by evidence that negative stock returns are a powerful

predictor of excess returns to federal funds futures and overnight index swaps, a

pattern that pertains to an international sample of six major currency areas. The fact

that return predictability arises in the money market because of unanticipated policy

actions, rather than time-varying risk premia, indicates that federal funds futures

and overnight index swaps otherwise accurately track market participants’ short-rate

expectations, and that the expectations hypothesis holds approximately for these

contracts.
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DANISH SUMMARY

Kontracyklisk variation i investorernes forventede afkast er en vigtig egenskab ved

de førende prisdannelsesmodeller for finansielle aktiver. I disse modeller er det for-

ventede afkast invers relateret til aktivitetsniveauet i økonomien og er således lavt

i økonomiske ekspansioner og højt i recessioner. Denne relation mellem makroø-

konomisk aktivitet og afkastet på finansielle aktiver er et grundlæggende princip i

moderne teori om aktivers prisdannelse med rationelle økonomiske aktører. I en

banebrydende artikel argumenterer Greenwood og Shleifer (2014) dog for, at investo-

rernes faktiske afkastforventninger er procykliske og i høj grad baseret på den seneste

tids realiserede afkast, hvilket er i direkte modstrid med de økonomiske modellers

forskrifter. Denne afhandling består af tre uafhængige kapitler, der hver især giver ny

empirisk viden om tidsvarierende forventede afkast på de finansielle markeder set i

lyset af Greenwood og Shleifers konklusion.

I det første kapitel, "Countercyclical Expected Returns" (fælles med Stig Vinther

Møller og Thomas Quistgaard Pedersen), udfordrer vi konklusionen fra Greenwood og

Shleifer (2014) om, at afkastforventninger har en positiv samvariation med konjunk-

turcyklussen. Greenwood og Shleifers konklusion er baseret på spørgeskemaundersø-

gelser der kvantificerer markedsdeltagernes ellers uobserverbare afkastforventninger.

Mens Greenwood og Shleifer fokuserer på private investorers forventninger og bruger

spørgeskemaundersøgelser fra mange forskellige kilder, bruger vi i denne artikel

data fra The Livingston Survey of Professional Economists og finder, at de forven-

tede afkast her korrelerer negativt med økonomisk vækst og forskellige andre mål

for konjunkturcyklussen. Vores resultater viser således, at professionelle investorers

afkastforventninger afhænger af den økonomiske aktivitet i fuld overensstemmel-

se med antagelsen om rationelle forventninger. Vi finder særligt, at de forventede

aktieafkast er højere i økonomiske lavkonjunkturer end i højkonjunkturer, og at kon-

tracykliske afkastforventninger således spiller en central rolle for prisdannelsen på

aktiemarkedet.

Det andet kapitel, "Return Predictability in Federal Funds Futures: Is it There?",

reviderer beviserne for afkastforudsigelighed i markedet for korte gældsbeviser: det

såkaldte pengemarked. I en indflydelsesrig artikel bruger Piazzesi og Swanson (2008)
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in-sample regressioner til at vise, at merafkastet på futures kontrakter, der er koblet til

den korte rente, kan forudsiges ved brug af visse makroøkonomiske variable. Denne

bevisførelse er sidenhen blevet kritiseret af Goyal og Welch (2008), der argumenterer

for, at afkastet på finansielle aktiver ikke kan forudsiges out-of-sample. I denne

artikel studerer jeg afkastforudsigeligheden i federal funds futures out-of-sample ved

brug af de avancerede metoder Dynamic Model Averaging (Raftery, Karny, og Ettler,

2010) og Complete Subset Regressions (Elliott, Gargano, og Timmermann, 2013). Jeg

tager højde for, hvilken information markedsdeltagere havde til rådighed i realtid, og

finder evidens for forudsigelige merafkast i federal funds futures. Det viser sig dog, at

denne forudsigelighed ikke bidrager med økonomisk signifikans, hverken i forhold til

dynamisk aktivallokering eller til at forbedre kontrakternes evne til at forudsige den

korte rente. Disse resultater peger således i retningen af, at tidsvarierende forventede

afkast ikke er forklaringen på afkastforudsigelighed i pengemarkedet.

I det tredje og sidste kapitel, "Monetary Policy Expectation Errors" (fælles med

Maik Schmeling og Andreas Schrimpf), bruger vi spørgeskemadata fra Blue-Chip

Financial Forecasts til at opdele merafkastet på federal funds futures og overnight

index swaps i to komponenter: et forventet merafkast og en fejl i forventningen til

den fremtidige korte rente. Vi finder, at merafkastet i pengemarkedet primært drives

af fejl i investorernes forventninger til den fremtidige korte rente, mens de forventede

merafkast er små og negative i gennemsnit. I en tidligere artikel har Cieslak (2018)

påvist, at markedsdeltagere laver systematiske fejl i deres prognoser for den korte

rente. Vi går skridtet videre og viser, at disse fejl opstår, fordi markedsdeltagere over

de sidste tre årtier har underestimeret, hvor aggressivt den amerikanske centralbank

kom til at sænke renten. Denne underestimering skyldes ikke såkaldte ”irrationelle

forventninger”, men i stedet at markedsdeltagerne ikke har været bevidste om, at

udviklingen på de finansielle markeder ville komme til at diktere pengepolitikken.

Vi understøtter denne hypotese ved at vise, at negative aktieafkast indeholder stor

forudsigelseskraft for merafkastet i pengemarkedet; ikke bare i USA, men i alle andre

store valutaområder. At afkastforudsigelighed opstår i pengemarkedet som konse-

kvens af uforudsete pengepolitiske tiltag snarere end et tidsvarierende forventede

afkast betyder, at federal funds futures og overnight index swaps er gode mål for

markedsdeltagernes forventninger til den korte rente og at forventningshypotesen

holder approksimativt for disse kontrakter.
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C H A P T E R 1
COUNTERCYCLICAL EXPECTED RETURNS

Stig Vinther Møller
Aarhus University and CREATES

Thomas Quistgaard Pedersen
Aarhus University and CREATES

Sigurd A. M. Steffensen
Aarhus University and CREATES

Abstract

We study investor expectations of stock returns on the S&P500 index using data from

the Livingston survey over the 1952-2019 period. We find that investors have slow-

moving and countercyclical expected stock returns consistent with consumption-

based model predictions. We find no evidence that investors form return expectations

by extrapolating from past trends in returns as under the adaptive expectations

hypothesis.
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2 CHAPTER 1. COUNTERCYCLICAL EXPECTED RETURNS

1.1 Introduction

Countercyclical variation in expected returns is a key feature of today’s leading

consumption-based asset pricing models. For example, in the habit formation model

of Campbell and Cochrane (1999), risk aversion and expected returns are low in eco-

nomic expansions where consumption is well above habit, while in recession times

where consumption gets close to habit, risk aversion and expected returns are high.

The long run risk model of Bansal and Yaron (2004) can also generate countercyclical

time-varying expected returns. In this class of models, expected returns are high

in times of high macroeconomic uncertainty which typically prevails in economic

downturns and vice versa in times of low uncertainty. However, in an intriguing

and thought-provoking paper, Greenwood and Shleifer (2014) cast doubt on these

models. Using survey data, Greenwood and Shleifer show that individual investors

form expectations based on past returns and that expected returns are procyclical

rather than countercyclical. Consequently, they conclude that survey expectations

are inconsistent with rational expectations models’ predictions.

In this paper, we use expectations data from the Livingston survey and arrive

at a different conclusion. We find that professional economists’ expected returns

are strongly negatively correlated with recent economic growth and various busi-

ness cycle indicators. Our results provide strong evidence that expected returns of

these investors depend on economic conditions in a rational way and have a clear

countercyclical component, which suggests that return expectations of professional

economists are fully consistent with consumption-based model predictions. Fur-

thermore, we do not find that professional economists form return expectations

by extrapolating from recent trends in returns as under the adaptive expectations

hypothesis.

To compare our results to Greenwood and Shleifer (2014), we carry out their

analysis with up-to-date survey data on individual investors instead of professional

economists and confirm their findings. The Gallup investor survey, the American

Association of Individual Investors survey and the Investor Intelligence survey of

investment newsletters all suggest that individual investors form expectations by

extrapolating from past returns, while economic conditions play no role in this

respect.

We discuss various ways in which we can reconcile these apparently conflicting re-

sults. One possible explanation is that individual investors in contrast to professional

economists misunderstand the question and report their "risk-neutral" expectations

instead of their true beliefs as suggested by Cochrane (2011). If so, when individual in-

vestors report "high expected returns" they actually mean "high expected cash flow"

which in turn implies "low expected returns." Provided this is the case, all surveys im-

ply countercyclical expected returns. Greenwood and Shleifer (2014), however, argue
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that individual investors do understand the question and refute this explanation.

A second, and related, explanation is the difference in how the questions are

framed and measurement errors in the data. In the Livingston survey, participants are

asked directly about their expectation to the level of the Standard & Poor’s (S&P) 500

index both six and 12 months ahead in time, which makes it possible to obtain a clean

measure of expected returns. In contrast, the three other surveys only provide a bull-

bear spread. For Gallup and the American Association of Individual Investors surveys,

the participants are asked directly whether they are optimistic/bullish, neutral or

pessimistic/bearish about the stock market in the near future. For Investor Intelli-

gence, an editor performs a subjective assessment of the individual newsletters and

categorizes these as either bullish, neutral or bearish. As such, it is not clear that these

surveys reflect the participants’ true return expectations. However, comparing the

bull-bear spreads to more precise quantitative estimates of survey participants’ ex-

pected returns available from the Gallup survey in the period 1998-2003, Greenwood

and Shleifer (2014) argue that these spreads reflect actual return expectations.

Finally, we discuss the possibility that the conflicting results stem from an econ-

omy with two investor types with heterogeneous expectations. Professional investors

as captured by the Livingston survey would here represent the rational investor, who

requires compensation for risks associated with macroeconomic activity and pays no

attention to past returns in expectation formation. Individual investors as captured

by the other surveys would in contrast represent the irrational investor who form

expectations mainly by extrapolating past returns. This explanation is related to the

extrapolative consumption-based asset pricing model by Barberis, Greenwood, Jin,

and Shleifer (2015), where some investors form beliefs about future stock prices by

extrapolating past price changes, while other investors hold fully rational beliefs.

In addition to Greenwood and Shleifer (2014), our paper is closely related to Dokko

and Edelstein (1989) who find that Livingston survey participants provide unbiased

forecasts of future stock returns in line with rational expectations. We extend this

literature by exploring how these expectations vary over time and the extent to which

they are consistent with leading consumption-based model predictions.

The rest of the paper is organized as follows. In Section 1.2, we describe the

expectations data from the Livingston survey and explain how we compute expected

returns. Section 1.3 analyzes whether expected returns of professional economists

depend on risks associated with macroeconomic activity. Section 1.4 contains a

similar analysis using alternative surveys based on individual investors. In Section 1.5,

we explore if investors form expectations based on past returns. Section 1.6 discusses

and reconciles the empirical findings. Section 1.7 contains some concluding remarks.



4 CHAPTER 1. COUNTERCYCLICAL EXPECTED RETURNS

1.2 The Livingston Survey

The Livingston survey has several important advantages when it comes to measuring

investor expectations. First of all, the Livingston survey gives a clean measure of

expected returns as the participants are asked directly about the their expectations of

the S&P500 index.1 Moreover, the Livingston survey is the oldest continuous survey

of economists’ expectations, whereas other surveys are typically available on much

shorter samples and cover only a few business cycles. Finally, the participants in

the Livingston survey are economic experts from the industry, government, and

academia rather than households or individual investors, which suggests that the

Livingston survey provides a reasonable approximation of the expectations of the

marginal investor.2

The survey takes place in June and December each year (i.e. data are available on

a semiannual frequency) and the participants are among other things asked about

their expectation to the level of the S&P500 index both six and 12 months ahead in

time. For example, for the June survey, participants provide their expected level of

the S&P500 index by the end of December the same year and by the end of June the

following year. Until 1992 participants were not asked to report the level of the index

at the time of their forecast, rendering it impossible to compute expected returns

from time t to t +1 or t +2 based on time t information. Instead, we follow Dokko

and Edelstein (1989) and compute expected returns from time t +1 to t +2 based

on time t information. That is, we compute the implied six-month expected return

starting six months from now. More specifically, we define the expected return as,

Et
(
Rt+1,t+2

)= Et
(
Pt+2

)
/Et

(
Pt+1

)−1, (1.1)

where Et
(
Pt+1

)
denotes the expected S&P500 index six months ahead in time.

Likewise, Et
(
Pt+2

)
is the expected index 12 months ahead in time.3 Comparing

our results based on Et
(
Rt+1,t+2

)
to those based on Et

(
Rt ,t+1

)
or Et

(
Rt ,t+2

)
for the

period starting in 1992, where the latter two can be computed, the conclusions

remain the same, so for brevity we do not present these results in the paper. The

similar conclusions do, however, imply that our findings are not due to the use

1Since the inception of the Livingston survey, participants have been asked about the level of various
S&P indices. The S&P500 index has been the object of interest since 1990.

2In support of this view, in his analysis of stock market expectations using Livingston survey data,
Lakonishok (1980) note: "First, these economists and their respective organizations play a prominent role in
the formation of expectations by the overall market. Secondly, the institutions they advised accounted for
over 60 percent of all stock exchange trading during the late 1960’s and through the early 1970’s."

3We note that in order to compute the expected return we in principle need to compute Et
(
Pt+2/Pt+1

)
which is not necessarily equal to Et

(
Pt+2

)
/Et

(
Pt+1

)
. Consequently, using various assumptions Dokko

and Edelstein (1989) derive a slightly more elaborate expression for the expected return that circumvents
this issue. Dokko and Edelstein’s measure of expected return is, however, more or less perfectly correlated
with our more simple measure.
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of six-month ahead expected returns starting six months from now. For ease of

exposition we compute expected returns based on median forecasts. Data for the

individual economists participating in the Livingston survey are also available, but

the conclusions of the paper remain the same whether we use the entire panel data

set or median forecasts.

We use the expected growth rate in the S&P500 index as our proxy for expected

stock returns which implies that we only consider capital gains and not the dividend

yield. This is of course a potential critique, but given that our focus is to study the time

series behavior of expected stock returns and its relation to economic fundamentals,

we assess this to be a minor problem. There is solid evidence that firms smooth

their dividend payments over time (e.g., Lintner, 1956; Fama and Babiak, 1968; Brav,

Graham, R, and Michaely, 2005; Leary and Michaely, 2011) and with a more or less

deterministic dividend series, the short run fluctuations in expected stock returns

are dominated by expected price changes. In any case, this potential critique is not a

bigger concern in our case than it would be with measures of expected stock returns

based on bull-bear spreads as in Greenwood and Shleifer (2014).4

In addition to nominal expected returns computed according to Eq. (1.1), we

consider expected real returns and expected excess returns. We compute expected

real returns using the survey participants’ median forecast of the Consumer Price

Index (CPI) over the same horizons as for the S&P500 index. That is, we define the

expected real return as

Et

(
Rr

t+1,t+2

)
=

[
Et

(
Pt+2

)
Et

(
C PIt+1

)]
/
[

Et
(
Pt+1

)
Et

(
C PIt+2

)]−1, (1.2)

For expected excess returns we exploit that the risk-free rate is known in advance

and consequently compute these as

Et

(
Re

t+1,t+2

)
= Et

(
Rt+1,t+2

)−R f
t , (1.3)

where R f
t denotes the risk-free rate known at time t . As a proxy for the risk-free

rate we use the yield on 3-month Treasury Bills converted to a semiannual frequency

to match the frequency of the expected return.5

Livingston survey data for expected stock returns are available from June 1952.

In Figure 1.1, we plot the expected return series together with National Bureau of

4Given the high degree of dividend smoothing a potential remedy is to add the ex-post dividend yield
to the expected return (see also Söderlind, 2009). However, this does not affect the conclusions in the
paper. If anything, it further strengthens the evidence of countercyclical expected returns.

5We obtain similar results if we instead use 6-month or 1-year Treasury Bill rates as proxy for the
risk-free rate.
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Figure 1.1: Expected Returns. The figure plots Livingston survey expectations of returns on the S&P500 index together
with NBER recessions.
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Economic Research (NBER) recessions and the figure illustrates a strong counter-

cyclical pattern in expected stock returns. In particular, expected stock returns are

relatively high in recession periods, whereas they are relatively low in expansion peri-

ods. This pattern is consistent with consumption-based asset pricing models based

on a representative investor with rational expectations, which we further explore

next.6

1.3 What Determines Expected Returns?

A common feature of asset pricing models with rational utility maximizing investors

is that expected returns vary countercyclically with economic conditions such that

investors are compensated for risks associated with bad economic times. For example,

6From Figure 1.1 it is clear that the level of expected returns is relatively low compared to average ex
post returns. This is partly explained by the fact that we here only consider capital gains and do not include
the dividend yield. However, as also pointed out by Söderlind (2009), the level of expected returns remains
low even when we add the dividend yield. This is related to the equity premium puzzle and suggests that
investors are relatively conservative in their estimates of future stock returns. For our purpose of studying
the link between expected returns and macroeconomic conditions in the time series dimension, this is not
a concern.
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Table 1.1: Expected Stock Returns and the Business Cycle. The table report results from regressions, SEt = α+βXt +
εt , where SEt is the expected future stock return formed at time t using Livingston survey data and Xt is a proxy for
macroeconomic activity or uncertainty. SEt is given in nominal terms, in real terms using expected inflation, and in
excess of a 3-month T-Bill rate known at time t . For each regression, the table reports the estimate ofβ, the corresponding
t-statistic in parenthesis, and the R2. We compute standard errors using the Newey and West (1987) estimator based on
1 lag. The sample period is 1952:1-2019:1, except for ADS (begins 1960:1), CFNAI (begins 1967:1) and Macro uncertainty
(begins 1960:2).

Nominal return Real return Excess return

β R2 β R2 β R2

NBER 2.66 15.0% 2.23 13.8% 2.18 8.8%
(4.18) (4.24) (3.10)

PMI -0.14 12.9% -0.12 12.3% -0.12 8.1%
(-3.61) (-3.82) (-2.92)

ADS -1.23 18.5% -1.12 22.6% -1.25 18.5%
(-5.65) (-5.00) (-4.06)

CFNAI -0.99 21.3% -0.96 21.5% -1.04 16.3%
(-5.30) (-4.22) (-3.35)

Unemployment 0.61 14.1% 0.34 5.7% 0.51 8.4%
(3.81) (2.48) (2.62)

Output gap -0.44 14.6% -0.33 11.2% -0.49 16.1%
(-3.78) (-3.43) (-3.76)

GDP growth -0.87 21.3% -0.79 23.2% -0.93 21.4%
(-5.05) (-5.56) (-5.17)

Consump. growth -1.21 27.3% -1.06 26.9% -1.28 26.0%
(-6.52) (-6.49) (-6.30)

Credit spread 3.26 31.0% 2.02 15.5% 2.22 12.4%
(7.03) (3.61) (2.61)

Macro uncertainty 19.1 34.2% 10.5 11.8% 8.28 4.7%
(6.34) (2.72) (1.43)

C-X -34.0 7.2% -36.9 11.1% -54.5 16.1%
(-3.34) (-3.89) (-4.54)

in the habit formation model of Campbell and Cochrane (1999), risk aversion and

expected returns vary countercyclically over the business cycle. When consumption

is well above habit in economic expansions, risk aversion and expected returns are

low, while when consumption gets close to habit in recession times, risk aversion and

expected returns are high.7 Long run risk models (see, e.g., Bansal and Yaron, 2004)

can also generate countercyclical time-varying expected returns. While the habit

formation model generates time-varying expected returns through time-varying

risk aversion, time-varying risk generates time-varying expected returns in long run

risks models. In this class of models, expected returns are high in times of high

macroeconomic uncertainty. As summarized by Cochrane (2017), countercyclical

variation in expected returns is generally a key feature of today’s leading asset pricing

models as people are less willing to take risks in bad economic times. In the following,

we analyze whether survey data of investor expectations are consistent with this main

insight from today’s leading asset pricing models.

To analyze whether investor expected returns move countercyclically, Table 1.1

7Atanasov, Møller, and Priestly (2020) find empirical evidence that ties consumption decisions of
agents to time-variation in returns in a manner consistent with the habit formation model of Campbell
and Cochrane (1999).
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shows results from the regression

SEt =α+βX t +εt , (1.4)

where SEt denotes the expected future stock return formed at time t using Livingston

survey data and X t is a proxy for macroeconomic activity or uncertainty. We use the

NBER recession indicator as well as a set of well-known real-time business cycle indi-

cators, namely, the Purchasing Managers’ Index (PMI) (see e.g., Berge and Jordà, 2011;

Christiansen, Eriksen, and Møller, 2014), the ADS Business Conditions Index (Aruoba,

Diebold, and Scotti, 2009), and the Chicago Fed National Activity Index (CFNAI). In

addition, we use the unemployment rate, the output gap (see Cooper and Priestley,

2009), the real GDP growth rate, the real consumption growth rate and the credit

spread, measured as the difference between Moody’s Baa and Aaa corporate bond

yields. To capture the idea of long run risk models that macroeconomic uncertainty is

a main driver of time-variation in expected returns, we use the economic uncertainty

index of Jurado, Ludvigson, and Ng (2015). Finally, we follow Cochrane (2017) and

obtain a proxy for the surplus consumption ratio as log consumption minus a moving

average of past log consumption.

We consider expected returns measured in nominal and real terms as well as in

excess of the 3-month Treasury Bill rate. As shown in Table 1.1, all three measures load

significantly positive on the NBER recession indicator, implying that expected returns

are higher in recessions than in expansions. In line with this evidence, we find that

expected returns load significantly negative on the PMI, ADS, and CFNAI real-time

business cycle indicators which again suggests that investors require compensation

for risks associated with bad states of the economy. The other economic variables

show the same picture. In bad times of high unemployment, low output gap, low

GDP growth, low consumption growth or high credit spreads, investor expected

returns are high. Finally, the investor expected returns’ relation to macroeconomic

uncertainty and surplus consumption is also as expected; when uncertainty is high

or consumption is low relative to the habit level, investors require high expected

returns for investing in the stock market. In conclusion, the Livingston survey data

show that expected returns are strongly countercyclical in accordance with standard

consumption-based asset pricing models.

1.3.1 Robustness Analysis

To evaluate the robustness of our findings, we analyze if the results are sensitive to

1) the survey participants’ occupation as registered in the Livingston survey and 2)

the use of other parts of the distribution of expected returns than the median. Table

1.2 shows how expected excess returns load on the variables that proxy for macroe-

conomic activity or uncertainty across different occupation categories including

investment banking, commercial banking, academic, and non-financial businesses.
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Table 1.2: Expected Excess Stock Returns and the Business Cycle Across Occupation. The table report results from
regressions, SEt = α+βXt +εt , where SEt is the expected future excess stock return formed at time t using Livingston
survey data and Xt is a proxy for macroeconomic activity or uncertainty. The table report results for each of the four
occupations: Investment banking, Commercial banking, Academic and Non-financial business. For each regression, the
table reports the estimate of β, the corresponding t-statistic in parenthesis, and the R2. We compute standard errors
using the Newey and West (1987) estimator based on 1 lag. The sample period is 1952:1-2019:1, except for ADS (begins
1960:1), CFNAI (begins 1967:1) and Macro uncertainty (begins 1960:2).

Inv. banking Com. banking Academic Non-fin. bus.

β R2 β R2 β R2 β R2

NBER 4.66 12.8% 3.60 12.1% 2.71 9.6% 2.55 6.9%
(3.18) (3.55) (3.49) (3.26)

PMI -0.23 10.6% -0.24 17.9% -0.15 9.3% -0.07 1.7%
(-3.08) (-3.83) (-3.27) (-1.33)

ADS -1.96 13.9% -1.88 21.1% -1.19 11.8% -1.13 8.8%
(-4.06) (-3.95) (-4.78) (-3.40)

CFNAI -2.00 18.7% -1.73 21.9% -0.91 9.1% -0.91 7.4%
(-4.72) (-3.85) (-3.71) (-2.75)

Unemployment 1.09 12.4% 0.57 5.4% 0.24 1.4% 0.65 7.8%
(3.83) (2.57) (1.43) (2.72)

Output gap -0.97 19.9% -0.61 12.5% -0.37 6.6% -0.55 11.6%
(-4.68) (-3.78) (-3.62) (-3.64)

GDP growth -1.59 20.0% -1.39 24.3% -1.07 20.0% -0.97 13.2%
(-4.48) (-5.12) (-5.28) (-3.77)

Consump. growth -1.63 13.6% -1.82 27.1% -1.27 18.4% -1.06 10.3%
(-4.35) (-5.78) (-5.46) (-3.34)

Credit spread 4.93 19.7% 3.28 13.9% 1.42 3.6% 2.25 7.3%
(3.99) (2.93) (1.97) (2.69)

Macro uncertainty 19.7 8.2% 14.8 7.7% 9.48 4.4% 8.70 3.1%
(2.18) (1.92) (1.88) (1.44)

C-X -74.7 9.7% -75.7 15.9% -59.7 13.7% -37.5 4.4%
(-3.45) (-4.48) (-4.54) (-2.44)

The results reinforce the overall finding of countercyclicality in expected returns.

Irrespective of the occupation, the sign of the slope coefficients correspond to those

in Table 1.1. The degree of statistical significance and explanatory power vary slightly

across occupation, but not to a degree that distorts the overall conclusion. We do

note, however, that the closer the survey participants are to the financial markets the

stronger is the countercyclical component in expected returns. The slope coefficients

are generally larger (numerically) for investment and commercial bankers than for

participants working in non-financial businesses.

To further analyze how homogeneous the survey participants are in terms of their

expectations, Table 1.3 reports the results using various quantiles (0.10, 0.25, 0.75 and

0.90) of the distribution of expected returns rather than the median. This allows us to

explore if there are systematic differences between survey participants with generally

low expectations relative to those with generally high expectations. As is evident

from Table 1.3, the slope coefficients, the degree of statistical significance and the R2

generally show little variation across the quantiles and are fully in line with the results

based on the median. The conclusion that expected returns are countercyclical, thus,

holds across the distribution of survey participants.
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Table 1.3: Expected Excess Stock Returns and the Business Cycle Across Quantiles. The table report results from re-
gressions, SEt = α+βXt + εt , where SEt is the expected future excess stock return formed at time t using Livingston
survey data and Xt is a proxy for macroeconomic activity or uncertainty. The table report results for each of the four
quantiles: 0.10, 0.25, 0.75 and 0.90. For each regression, the table reports the estimate of β, the corresponding t-statistic
in parenthesis, and the R2. We compute standard errors using the Newey and West (1987) estimator based on 1 lag. The
sample period is 1952:1-2019:1, except for ADS (begins 1960:1), CFNAI (begins 1967:1) and Macro uncertainty (begins
1960:2).

0.10 0.25 0.75 0.90

β R2 β R2 β R2 β R2

NBER 4.64 16.4% 2.61 9.1% 2.72 13.4% 3.35 11.8%
(5.04) (3.97) (3.35) (3.61)

PMI -0.21 10.6% -0.12 6.1% -0.15 12.9% -0.18 10.7%
(-3.91) (-2.62) (-3.38) (-2.93)

ADS -1.96 17.3% -1.40 17.5% -1.35 19.5% -1.61 17.1%
(-5.12) (-5.05) (-4.31) (-2.95)

CFNAI -1.67 17.6% -0.94 10.7% -1.25 21.1% -1.66 22.4%
(-4.89) (-3.57) (-3.94) (-3.34)

Unemployment 0.82 9.0% 0.54 6.9% 0.50 8.2% 0.72 9.6%
(3.60) (2.48) (2.35) (3.56)

Output gap -0.78 16.8% -0.52 13.0% -0.51 17.1% -0.67 17.1%
(-5.27) (-3.80) (-3.55) (-4.56)

GDP growth -1.45 21.3% -1.23 26.8% -1.03 25.6% -1.20 20.3%
(-6.25) (-7.51) (-5.15) (-4.17)

Consump. growth -1.65 18.0% -1.50 25.9% -1.28 25.7% -1.19 13.0%
(-6.36) (-7.48) (-5.89) (-3.44)

Credit spread 3.36 11.7% 2.21 8.9% 2.22 12.2% 3.58 18.5%
(4.22) (3.03) (2.68) (3.08)

Macro uncertainty 23.9 15.2% 12.9 8.8% 10.3 6.6% 14.9 8.6%
(5.01) (2.39) (1.83) (2.10)

C-X -87.2 17.1% -54.8 11.8% -55.8 16.5% -68.3 14.4%
(-5.06) (-4.42) (-4.08) (-4.19)

1.4 Comparison With Other Survey Measures

Livingston is one out of a number of surveys that ask participants about their ex-

pectations to future movements in the stock market. In their analysis of expected

stock returns, Greenwood and Shleifer (2014), for example, use six different survey

measures: 1) the Gallup investor survey, 2) the American Association of Individual In-

vestors (AAII) survey, 3) the Investor Intelligence (II) survey of investment newsletters,

4) Graham and Harvey’s CFO survey, 5) Shiller’s survey on individual investors, and

6) the University of Michigan survey of U.S. consumers. Based on these six surveys,

Greenwood and Shleifer (2014) find that expected stock returns are strongly positively

correlated with the surplus consumption ratio of Campbell and Cochrane (1999).

Consequently, when the habit model implies high expected stock returns, investors

appear to expect low stock returns and vice versa. If the survey measures used by

Greenwood and Shleifer (2014) are representative of investors’ true expectations,

then expected stock returns move procyclically rather than countercyclically. As such,

the strong results in support of countercyclical variation in expected returns using

Livingston survey data stand in contrast to the results by Greenwood and Shleifer

(2014).

To more broadly compare the results based on Livingston survey data to other
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Table 1.4: Correlation Between Survey Expected Returns. The table reports pairwise correlation coefficients and cor-
responding t-statistics between survey measures of expected returns from Gallup, American Association of Individual
Investors (AAII), Investor Intelligence (II), the Expectations Index (EI), and Livingston. For Livingston, the table reports
results for both nominal expected returns (ER), real expected returns (ERR) and expected excess returns (ERX). The sam-
ple period begins in 1952:1 for ER, ERR and ERX, in 1963:1 for II, in 1987:2 for AAII and EI and in 1996:2 for Gallup.

ER ERR ERX II AAII Gallup

ERR 0.922
(27.38)

ERX 0.851 0.951
(18.68) (35.41)

II -0.158 -0.025 0.110
(-1.69) (-0.27) (1.16)

AAII 0.020 0.038 0.040 0.478
(0.16) (0.30) (0.31) (4.28)

Gallup -0.518 -0.534 -0.597 0.508 0.490
(-3.93) (-4.10) (-4.83) (3.82) (3.65)

EI -0.066 -0.014 -0.012 0.795 0.823 0.818
(-0.52) (-0.11) (-0.10) (10.31) (11.43) (9.21)

survey measures, we redo the analysis in Table 1.1 using investor expectations based

on Gallup, AAII and II. In constructing the expectations measures, we follow the

procedure of Greenwood and Shleifer (2014). We briefly explain the approach but for

further details we refer to their paper. The Gallup survey asks individual investors

whether they are "very optimistic", "optimistic", "neutral", "pessimistic", or "very

pessimistic" about stock returns over the next year. The measure of expectations is

the percentage of investors who are "very optimistic" or "optimistic" about future

stock market performance minus the percentage who are "pessimistic", or "very

pessimistic", i.e. a bull-bear spread. The survey covers the period 1996-2019 with

a few gaps and has a sample frequency that varies from quarterly to monthly. The

AAII survey asks the members of the American Association of Individual Investors

whether they are "bullish", "neutral" or "bearish" on the stock market for the next

six months. The measure of expectations is again a bull-bear spread computed as

the percentage of "bullish" investors minus the percentage of "bearish" investors.

The survey covers the period 1987-2019 and has a weekly sample frequency. The

II survey summarizes the outlook of more than 120 independent financial market

newsletters. The editors of the survey classify each newsletter as having a "bullish",

"neutral" or "bearish" forecast of stock returns over the near term. The expectations

measure is also here a bull-bear spread computed as the percentage of "bullish"

newsletters minus the percentage that are "bearish". The survey covers the period

1963-2019 and has a sample frequency that started as monthly but turned to weekly

in 1969. Furthermore, we follow Greenwood and Shleifer (2014) and construct an

investor expectations index as the first principal component from the Gallup, AAII

and II surveys. To remain consistent with the analysis based on Livingston survey

data, we convert the sample frequency to semiannual by selecting the last available

monthly or quarterly observation. For the surveys with a weekly frequency, we follow

Greenwood and Shleifer (2014) and construct monthly averages.
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Figure 1.2: Expected Returns Across Surveys. The figure plots Livingston survey expectations of excess returns on the
S&P500 index together with the Investor Intelligence (II) bull-bear spread and NBER recessions.
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Table 1.4 reports the correlations between the measures of expected returns from

the Livingston, Gallup, AAII and II surveys as well as the expectations index. The

observation by Greenwood and Shleifer (2014) that Gallup, AAII and II are highly

positively correlated also holds in our updated sample measured on a semiannual

frequency. The common component in these three surveys (the expectations index)

has a correlation of roughly 0.8 with each of the survey measures. In contrast, expected

returns from the Livingston survey are uncorrelated with AAII, II and the expectations

index and highly negatively correlated with Gallup. The sample period varies across

the different surveys, but overall these results show that stock market expectations

are not aligned across surveys. This is also visualized in Figure 1.2 which shows that

expected excess returns from Livingston generally spike up in recession periods,

while the II measure here typically decreases. For ease of exhibition and due to the

length of the sample period, we only include II among the non-Livingston surveys

in the figure, but similar patterns appear also for Gallup, AAII and the expectations

index.

The discrepancy between the Livingston survey and the Gallup, AAII and II sur-

veys is also evident in their relation to variables that proxy for macroeconomic activity

or uncertainty. While expected returns measured from the Livingston survey are
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Table 1.5: Expected Stock Returns and the Business Cycle Across Alternative Surveys. The table report results from
regressions, SEt = α+βXt +εt , where Xt is a proxy for macroeconomic activity or uncertainty and SEt is a measure of
expected stock return formed at time t using either Investor Intelligence (II) survey, American Association of Individual
Investors (AAII) survey, the Gallup survey, or the Expectations Index (EI) computed as the first principal component
across the three surveys. For each regression, the table reports the estimate of β, the corresponding t-statistic in paren-
thesis, and the R2. We compute standard errors using the Newey and West (1987) estimator based on 1 lag. The sample
period begins in 1963:1 for II except in the regression using CFNAI (begins 1967:1). For AAII and EI the sample period
begins in 1987:2 and for Gallup in 1996:2.

II AAII Gallup EI

β R2 β R2 β R2 β R2

NBER -0.87 10.1% -0.49 2.3% -1.51 23.2% -1.00 9.7%
(-3.57) (-0.99) (-2.29) (-1.76)

PMI 0.03 3.5% 0.06 10.0% 0.11 31.9% 0.08 14.6%
(2.01) (2.69) (3.97) (2.44)

ADS 0.36 11.3% 0.45 10.7% 0.74 36.3% 0.58 18.2%
(4.90) (3.69) (7.06) (4.06)

CFNAI 0.25 7.3% 0.42 11.8% 0.66 33.1% 0.50 16.5%
(2.98) (3.50) (6.19) (3.26)

Unemployment 0.02 0.1% -0.02 0.1% -0.34 28.7% -0.17 6.6%
(0.33) (-0.31) (-4.16) (-2.42)

Output gap -0.04 0.8% 0.04 0.7% 0.31 35.5% 0.15 7.5%
(-0.90) (0.70) (4.85) (2.58)

GDP growth 0.18 5.1% 0.45 18.5% 0.74 54.7% 0.51 23.4%
(2.68) (3.77) (9.79) (4.11)

Consump. growth 0.31 11.4% 0.55 20.9% 0.88 59.7% 0.62 26.8%
(5.12) (4.95) (10.3) (4.67)

Credit spread -0.33 2.3% -0.83 11.1% -1.60 53.2% -1.34 28.6%
(-1.59) (-3.49) (-6.65) (-6.36)

Macro uncertainty -5.26 9.4% -5.39 6.5% -11.0 34.2% -8.10 14.7%
(-4.21) (-3.44) (-5.15) (-3.17)

C-X 3.23 0.5% 11.5 5.3% 28.2 35.6% 14.9 8.8%
(0.69) (2.19) (3.96) (2.08)

highly countercyclical (see Table 1.1), Table 1.5 shows that survey expectations from

Gallup, AAII and II are highly procyclical. In almost all cases, the sign of the slope

coefficient is opposite to the one using Livingston survey data and, in most cases,

the reversed relation is statistically significant. As such, we confirm the findings by

Greenwood and Shleifer (2014) that survey participants in Gallup, AAII and II gener-

ally are optimistic about the stock market in good economic times and pessimistic in

bad economic times.

1.5 Are Expectations Extrapolative?

Building on empirical studies showing that extrapolative expectations play an impor-

tant role in explaining stock price movements (e.g., Cutler, Poterba, and Summers,

1990; Barsky and De Long, 1993; Lakonishok, Shleifer, and Vishny, 1994), Greenwood

and Shleifer (2014) show that past realized returns and to a lesser extent fundamentals

are an important driver of investor expectations.8 In Table 1.6 we confirm this result

using the expectation index based on the II, AAII and Gallup surveys. We run the

8De Bondt (1993) and Amromin and Sharpe (2014), among others, also find that investor expectations
are extrapolative.
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bivariate regression

SEt =α+βM X t +βR Rt +εt , (1.5)

where X t is a proxy for macroeconomic activity or uncertainty, Rt is the return

on the S&P500 index over the past year in excess of the 3-month Treasury Bill rate

and SEt is the expectations index. Initially, we set βM = 0 and only include lagged

returns in the regression which yields a significantly positive slope coefficient and

an R2 of roughly 30%. This implies that when recent past returns are high, investors

expect high returns going forward which is in line with the literature on extrapolative

expectations. This also holds when we control for fundamentals; irrespective of the

fundamental variable, βR remains significantly positive. In contrast, many of the

fundamental variables which were significant in univariate regressions (Table 1.5)

turn insignificant when we include lagged returns. These results are consistent with

Greenwood and Shleifer (2014). In some cases, the fundamental variable remains

significant, but in these cases the sign of βM still implies that expectations in the II,

AAII and Gallup surveys are procyclical.

Next, we consider the degree of extrapolative expectations among participants

in the Livingston survey, i.e. SEt is now the expected excess return from Livingston.

To make a direct comparison with the expectations index, Table 1.6 reports results

both for the full sample period and a sub-sample starting in 1987:2. Initially, we

again consider the univariate regression only including lagged returns, i.e. βM = 0. In

contrast to the expectations index, βR is now negative although only significant for

the full sample period. The R2 is also much lower which overall suggests that past

returns play a much less important role in expectation formation among Livingston

survey participants. Controlling for fundamentals we also generally see that lagged

returns are insignificant. Instead, fundamentals are highly significant and the sign

of their slope coefficients is in line with the results shown in Table 1.1. This implies

that even after controlling for lagged returns, expected returns are countercyclical

according to Livingston survey data.

1.6 Reconciling the Empirical Evidence

As shown, the empirical results using Livingston survey data are more or less orthogo-

nal to those based on the Gallup, AAII and II surveys. Why? One potential explanation

is framing of the relevant questions. Cochrane (2011) points out that surveys are sen-

sitive to language and interpretation and casts doubt on whether people understand

the questions when asked about expected returns. He suggests that people may report

their "risk-neutral" expectations instead of their true beliefs. Consequently, when

survey participants report "high expected returns" they actually mean "high expected

cash flow" which in turn implies "low expected returns". Applying this logic, we can
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Table 1.6: Extrapolative Expectations. The table report results from regressions, SEt =α+βM Xt +βR Rt +εt , where Xt
is a proxy for macroeconomic activity or uncertainty, Rt is the return on the S&P500 index over the past year in excess
of the 3-month T-Bill and SEt is either the Livingston survey measure of expected excess return formed at time t or
the Expectations Index (EI) computed as the first principal component across the II, AAII and Gallup surveys. For each
regression, the table reports the estimates of βM and βR , their corresponding t-statistics in parenthesis, and the R2. We
compute standard errors using the Newey and West (1987) estimator based on 1 lag. All proxy variables for bad economic
times are available since 1952:1, except for ADS (begins 1960:1), CFNAI (begins 1967:1) and Macro uncertainty (begins
1960:2).

Livingston EI

1952:1-2019:1 1987:2-2019:1 1987:2-2019:1

βM βR R2 βM βR R2 βM βR R2

-0.05 7.3% -0.06 8.7% 0.04 30.1%
(-2.57) (-1.63) (4.53)

NBER 1.58 -0.03 10.9% 1.30 -0.04 10.0% 0.08 0.04 30.2%
(2.12) (-1.44) (0.72) (-0.89) (0.15) (4.25)

PMI -0.09 -0.03 11.1% -0.09 -0.04 10.6% 0.04 0.03 32.9%
(-2.16) (-1.71) (-0.71) (-1.17) (1.52) (4.09)

ADS -1.17 -0.01 18.7% -1.77 -0.01 23.9% 0.27 0.03 33.0%
(-3.60) (-0.49) (-3.15) (-0.35) (1.75) (3.43)

CFNAI -0.97 -0.01 16.6% -1.77 -0.01 28.8% 0.24 0.03 33.2%
(-2.97) (-0.51) (-3.39) (-0.39) (1.67) (3.69)

Unemployment 0.51 -0.05 15.8% 0.76 -0.06 25.5% -0.16 0.04 36.4%
(2.61) (-2.67) (5.60) (-1.95) (-3.12) (5.10)

Output gap -0.48 -0.05 22.9% -0.80 -0.04 33.8% 0.10 0.04 33.4%
(-3.92) (-2.71) (-5.36) (-1.53) (2.08) (4.45)

GDP growth -0.87 -0.01 21.8% -1.47 -0.00 25.3% 0.27 0.03 34.8%
(-4.74) (-0.67) (-2.91) (-0.14) (1.96) (3.07)

Consump. growth -1.22 -0.01 26.2% -1.79 -0.02 31.0% 0.42 0.03 40.2%
(-5.65) (-0.49) (-3.70) (-0.53) (3.27) (3.52)

Credit spread 1.84 -0.03 14.8% 4.46 0.02 31.2% -0.77 0.02 35.6%
(2.22) (-1.81) (6.42) (0.64) (-2.50) (2.39)

Macro uncertainty 5.26 -0.04 8.3% 24.3 -0.01 18.7% -1.48 0.03 30.4%
(0.98) (-1.68) (2.49) (-0.22) (-0.48) (3.50)

C-X -53.7 -0.05 23.0% -79.3 -0.06 37.2% 15.3 0.04 39.4%
(-4.70) (-2.92) (-4.67) (-2.40) (3.06) (5.85)

potentially reconcile the empirical findings if the questions in the individual surveys

are framed differently. In the case of Livingston, participants are not asked about

their expected return, but about their expected level of the S&P500 index. As such, we

would expect participants to have a clear understanding of the question and answer

accordingly. In Gallup and AAII surveys, participants are asked more generally about

their view on the performance of the stock market. Likewise, for II the editor provides

his subjective view on whether the individual financial market newsletters give an

optimistic or negative outlook of the stock market. In these cases, it might be more

unclear if survey participants answer according to their "risk-neutral" expectations

or true beliefs. If they provide their "risk-neutral" expectations, all surveys imply

countercyclical expected returns. Greenwood and Shleifer (2014), however, argue

that survey participants do understand the questions and refute this explanation.

Another - and potentially more plausible - explanation is that the economy con-

sists of two investor types. According to the Livingston survey, investors are rational;

they require compensation for risks associated with macroeconomic activity and do

not base their expectations on past returns. In contrast, the Gallup, AAII and II surveys
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suggest that investors behave irrationally and form expectations mainly by extrapo-

lating past returns. Livingston survey participants are all economists of training and

despite not all of them working in the financial industry, we would expect this group

of people to have a solid understanding of return and risk and deliver their forecasts

accordingly. Here, we also note that the closer the participants are to the financial

markets (in terms of their occupation), the stronger is the countercyclical pattern as

shown in Table 1.2. In contrast, the Gallup and AAII survey participants are individual

investors who do not necessarily have an economic training. Instead, this group of

people might be more inclined to invest according to their own previous performance

or the performance of their peers. Consequently, this group of investors can be sub-

ject to herding behavior and/or apply positive-feedback (momentum) investment

strategies (e.g., Cutler et al., 1990; De Long, Shleifer, Summers, and Waldmann, 1990;

Jegadeesh and Titman, 1993), which would imply that they form expectations based

on past returns. This two-investor-types explanation is related to Barberis et al. (2015)

who develop a consumption-based asset pricing model in which some investors form

beliefs about future stock prices by extrapolating past price changes, while other

investors hold fully rational beliefs.

The question then is to which group the II survey participants belong? Although

we could expect that the authors of financial market newsletters have some eco-

nomic training, this is not required; everybody can form an independent newsletter

irrespective of their educational background. Furthermore, independent financial

market newsletters earn money through subscription fees which implies that they

have an incentive to provide advice that generates high return in order to attract more

subscribers. However, in contrast to typical investment advisers, who are heavily

regulated in terms of what they can say and promise, financial market newsletters

are excluded from the Investment Advisers Act of 1940, which implies that there are

no legal consequences if investors adhering to the newsletters’ recommendations

suffer large losses.9 Consequently, these newsletters have an incentive to provide

recommendations that generate high returns with limited attention to risk. In terms

of their recommendation strategy, Jaffe and Mahoney (1999) find that newsletters

tend to recommend securities that have performed well in the past consistent with

positive-feedback investment strategies. In addition, Graham (1999) provides a the-

oretical framework as well as empirical evidence that supports herding behavior

among investment newsletters. As such, independent financial market newsletters

are aligned with individual investors in the Gallup and AAII surveys given that their

recommendations collectively are a positive function of past returns.

As mentioned, financial market newsletters are not subject to the same strict

rules since mutual funds and the authors might not be economically educated, but a

9In Lowe v. SEC, the Supreme Court ruled that investment newsletters are "bona fide" publications
similar to e.g. newspapers and thereby excluded from the Securities and Exchange Commision’s jurisdiction
by the Investment Advisers Act of 1940, see Aman (1985).
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large literature shows that also professional investors exhibit herding behavior and

apply positive-feedback investment strategies (e.g., Grinblatt, Titman, and Wermers,

1995; Nofsinger and Sias, 1999; Wermers, 1999). However, similar to independent

newsletters there are potential conflicts of interest associated with financial market

analysts’ buy and sell recommendations (e.g., Michaely and Womack, 1999), which

among other things imply that these recommendations do not necessarily reflect

the analysts’ expected return but rather are motivated to maximize profit. As such,

we cannot rule out that certain professional investors provide investment advice

based on past returns, but that does not necessarily imply that their true expectations

are based on past returns. This points out a pitfall associated with using investment

advice to measure expected returns. When asked directly, Livingston survey data

clearly show that economists, including professional investors, form countercyclical

expected returns.

1.7 Concluding Remarks

We use Livingston survey data to investigate whether investors have countercyclical

expected returns which is a key prediction of today’s leading asset pricing models.

We use the Livingston survey because it gives a cleaner measure of expected returns,

relative to other surveys, as the participants in the Livingston survey are asked directly

about the their expectations of the S&P500 index. In addition, the Livingston survey

is the oldest continuous survey of professional economists’ expectations, whereas

other surveys are available on much shorter samples and cover only a few business

cycles.

Our findings based on expectations data from the Livingston survey provide

strong evidence that investor expected returns depend on economic conditions in

a rational way and have a clear countercyclical component. In particular, we find

that expected stock returns are higher in bad economic times than in good economic

times, a pattern which is consistent with consumption-based asset pricing models

based on a representative investor with rational expectations.

Our results stand in contrast to the findings of Greenwood and Shleifer (2014)

that past realized returns and to a lesser extent fundamentals are the main driver of

investor expectations, and that model-based expected returns correlate negatively

with investor expectations. We argue that the inconsistencies between ours and

the findings of Greenwood and Shleifer (2014) may potentially reflect an economy

with two investor types with different approaches to expectation formation (see also

Barberis et al., 2015). In particular, while Greenwood and Shleifer (2014) mainly rely

on survey data on individual investors who do not necessarily have an economic

training, the participants in the Livingston survey are economic experts from the

industry, government, and academia and they should have a solid understanding
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of return and risk and deliver their forecasts accordingly. This difference may help

explain why we find evidence of rational investor expectations while Greenwood

and Shleifer (2014) find no evidence of rational investor expectations. In any case,

the expectation formation data from the Livingston survey strongly support an asset

pricing framework in which countercyclical risk premia play a key role.
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Abstract

This paper studies the out-of-sample predictability of returns to federal funds futures.

I show that over the period 1990 to 2018, predictor variables from the literature do

not consistently outperform the expectations hypothesis out-of-sample. Further,

while advanced forecasting techniques like Dynamic Model Averaging and Complete

Subset Regressions lead to significant improvements in forecasts performance, they

do not generate systematic economic value to investors. These results suggest that

federal funds futures should not be adjusted for time-varying risk premia when used

to measure market participants’ expectations of future monetary policy.
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Federal funds (FF) futures are derivatives linked to the US short-term interest

rate. The contracts are frequently used to assess market participants’ expectations

about future monetary policy, because the predictive accuracy of FF futures strongly

outperforms all other financial market instruments.1 Despite their widespread use

among practitioners and academics, a large literature documents that the short-rates

implied by FF futures deviate systematically from future realizations (see, e.g., Krueger

and Kuttner, 1996; Söderström, 2001; Durham, 2003). As such, the expectations

hypothesis (EH) of the term structure of interest rates appears to be invalid for these

short-term derivatives.

In an impactful paper, Piazzesi and Swanson (2008) find that deviations from

the EH in FF futures are predictable using macroeconomic variables that were avail-

able to market participants at the time when they made their forecasts. Because

these macroeconomic variables also reflect the state of the economy, this is taken

as evidence that FF futures contain time-varying risk premia. In this view, the EH is

rejected because the rates on FF futures do not only signal expected future short-rates,

but also market participants’ required returns for taking on risk during economic

slumps. While there is compelling evidence that FF futures returns are predictable

in-sample, no studies have so far investigated whether this predictability holds in an

out-of-sample setting. The importance of testing predictive models out-of-sample is

highlighted by Goyal and Welch (2008) who show how almost all predictor variables

for stock returns fail to provide accurate out-of-sample predictions.2

In this paper, I investigate whether return predictability in FF futures holds in

an out-of-sample context. As a starting point, I use an updated dataset of FF futures

(while Piazzesi and Swanson use data up to 2005, I consider data up to 2018) to show

that in-sample evidence of predictable returns remains strong to this day. Moving on,

I find that this strong in-sample predictability does not translate into out-of-sample

predictability as measured by the R2
OOS statistic of Campbell and Thompson (2008).

As such, the predictor variables suggested in the literature do not systematically

outperform the EH benchmark.

Following the critique of Goyal and Welch (2008), empirical finance scholars have

worked to develop better return prediction models.3 Moving on, I apply two advanced

forecasting techniques designed to improve return forecasts. Specifically, I apply Dy-

namic Model Averaging (DMA), developed by Raftery, Karny, and Ettler (2010) and

applied to return forecasting by Dangl and Halling (2012), which considers the in-

formation of all predictor variables simultaneously while modeling time-varying

coefficients. Further, I also apply the Complete Subset Regressions (CSR) method of

1Gürkaynak, Sack, and Swanson (2007) review the predictive accuracy of various financial market
instruments and find that FF futures give the most accurate forecasts of future short-rates.

2See also Thornton and Valente (2012) who reach the same conclusion for Treasury bond returns.
3See e.g. Rapach and Zhou (2013) for a review.



25

Elliott, Gargano, and Timmermann (2013) which relies on the results from combi-

nation forecasting to improve return predictions. These two methods are some of

the most successful forecasting techniques currently applied and therefore repre-

sent the upper limit to the amount return predictability that can be achieved in FF

futures. Importantly, I find that both DMA and CSR lead to significant improvements

in out-of-sample forecast accuracy.

As a final contribution I test whether the predictability of returns to FF futures

is important from an economic perspective. Specifically, I quantify how much a risk

averse investor is willing to pay to switch from a dynamic portfolio strategy based on a

model with no predictable excess returns to a model that uses the return predictions

from DMA or CSR. Finally, I also test whether the short-rate forecasts implied by

FF futures are improved significantly when corrected for predictable excess returns.

The results from these two analyses do not support the view that expected returns

play a significant role in FF futures. While it is possible to detect predictable returns

statistically, this does not translate into important economic gains for investors, nor

does it improve short-rate forecasts significantly.

My results relate to the literature on the expectations hypothesis of the term

structure of interest rates. While the EH is typically rejected for long-term interest

rates (see, e.g., Shiller, Campbell, Schoenholtz, and Weiss, 1983; Fama and Bliss, 1987;

Campbell and Shiller, 1991; Cochrane and Piazzesi, 2005) evidence at the short end

of the term structure is mixed. Most prominently, Longstaff (2000) shows that short-

term repo rates with maturity up to three months are nearly unbiased predictors of

the short-rate. Della Corte, Sarno, and Thornton (2008) expand this analysis and show

statistical evidence against the EH for an updated dataset of repo rates. However, they

note that any powerful statistical test can potentially reject the EH in large samples

without that being informative about the size of the departure from the hypothesis.4

For this reason, Della Corte et al. (2008) also test the economic value of deviations

from the EH, and conclude that there are no tangible economic gains to an investor

who seeks to exploit departures from the EH in short-term repo rates. As such, they

argue, the EH proves a reasonable approximation to the term structure of short-term

interest rates.

My conclusions corroborate those of Della Corte et al. (2008); despite statistical

evidence of predictable excess returns to FF futures, this predictability does not trans-

late into sizeable economic gains for investors. As such, FF futures generally reflect

future short-term interest rates rather than time-varying expected returns, and the

EH provides a reasonable approximation for all practical considerations. Further, the

absence of economic significance also indicates that return predictability in these

contracts is not due to time-varying expected returns. Rather, a more likely interpreta-

4As also noted by Leitch and Tanner (1991), the statistical rejection of a hypothesis does not necessarily
imply an economic rejection of it.
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tion is that it reflects deviations from the full-information rational-expectation (FIRE)

assumption typically assumed in the literature.

The remainder of this article is organized as follows: Section 2.1 lays out the basic

terminology for excess returns to FF futures. Section 2.2 presents results from in-

sample return regressions using the updated sample of FF futures. Section 2.3 tests

these results in an out-of-sample exercise. Section 2.4 introduces DMA and CSR and

provides the results from using these methods to predict returns. Section 2.5 reports

the gains from using these return predictions for dynamic asset allocation and to

risk-adjust FF futures. Section 2.6 discusses possible interpretations of the findings.

Finally, Section 2.7 concludes.

2.1 Excess Returns to Federal Funds Futures

FF futures began trading on the Chicago Board of Trade, now part of the Chicago

Mercantile Exchange (CME), in October 1988. The contracts settle based on the

average effective federal funds rate (EFFR) over a specific future month and are highly

liquid for maturities up to six months ahead.5 Let f (n)
t denote the time t rate on a

FF futures contract that settles based on the average EFFR from the first to the last

business day of month t +n. Because contracts are quoted based on the International

Money Market (IMM) convention, fixed rates are extracted from futures prices as

f (n)
t = 100−P (n)

t , where P (n)
t is the price of an n-month FF futures observed on the

last day of month t .6

An investor who buys an n-month FF futures and sells it back in one month’s time

earns the following return,

r x(n)
t+1 =−P (n)

t +P (n−1)
t+1 , (2.1)

r x(n)
t+1 = f (n)

t − f (n−1)
t+1 , (2.2)

where f (n)
t is the rate on the n-month contract observed on the last day of month

t , and f (n−1)
t+1 is the rate on a contract with n −1 months to maturity observed on

the last day of month t +1. The difference between these two rates is the ex-post,

one-month excess return.7 In this paper, I follow Hamilton and Okimoto (2011) and

5For horizons longer than six months, overnight index swaps (OIS) are typically used to gauge market
participants’ short-rate expectations, see Stigum (2007).

6I use the terminology of the literature on FF futures by which lower-case letters do not entail that
variables are subject to logarithmic transformation.

7See Piazzesi and Swanson (2008) for more details on this definition of excess returns. Because FF
futures are marked-to-market daily, the parties of the contract must post or withdraw collateral daily. The
party that receives collateral earns the daily overnight interest rate on it. Nonetheless, Piazzesi and Swanson
(2004) show that compounding the daily overnight rates does not impact final returns significantly.
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focus on the one-month holding-period returns to FF futures from Eq. (2.2) across

the maturity spectrum n = 1, ...,6. This approach is advantageous because it does not

induce autocorrelation in returns from overlapping observations and because it is

consistent with actual behavior of market participants.8 Finally, for the one-month

ahead FF futures contract, n = 1, the return from buying the contract at the end of

month t and holding it until maturity is

r x(1)
t+1 = f (1)

t − it+1, (2.3)

where it+1 is the average EFFR over the following month.

2.1.1 Data Sources

FF futures prices are bought from the CME. I focus on contracts of horizons n = 1, ...,6

months and exclude the two first years of data due to infrequent trading which is

common in the literature. In each month, I sample the observed price on the last

business day to create series at monthly frequency. Panel A of Table 2.1 presents

summary statistics for the excess returns to these contracts computed following Eqs.

(2.2) and (2.3), and Panel B shows their contemporaneous correlations.

Table 2.1: Descriptive Statistics. Panel A of the table summarizes the descriptive statistics for excess returns to FF futures,

r x(n)
t+1, of maturity n = 1, ...,6 months. Returns are denoted in monthly basis points. The panel displays means, standard

deviations, minimum, maximum, skewness, and kurtosis of each return series. Panel B reports their contemporaneous
correlations. The sample is 1990:11 to 2018:11.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Descriptive Statistics

Mean 2.50 3.44 3.75 4.38 4.74 5.49
Std. dev. 9.51 13.47 15.18 17.20 18.85 21.14
Min. -26.50 -29.00 -35.00 -42.00 -40.00 -46.00
Max. 76.60 106.50 118.00 127.50 131.50 133.00
Skewness 3.10 3.84 3.20 2.56 2.06 1.66
Kurtosis 19.07 25.29 20.39 15.66 11.82 9.02

Panel B: Correlation Matrix

r x(1)
t+1 1.00

r x(2)
t+1 0.82 1.00

r x(3)
t+1 0.71 0.95 1.00

r x(4)
t+1 0.64 0.90 0.98 1.00

r x(5)
t+1 0.58 0.84 0.95 0.98 1.00

r x(6)
t+1 0.52 0.77 0.90 0.90 0.98 1.00

From Panel A, we see that the holding-period returns range from 2.50 monthly

basis points on the shortest maturity contract to 5.49 monthly basis points for the

longest six-months ahead contract. Standard deviations are monotonically increasing

8Buyers of FF futures tend to close out their positions by taking an offsetting position in the market
before contract maturity (Stigum, 2007).
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in maturity, and all returns are positively skewed. In combination with the strong

excess kurtosis seen in the table, this tells us that the distribution of returns is char-

acterized by a long right tail, which is in contrast to that of stocks and bonds where

returns tend to be negatively skewed. Turning to Panel B, we see that FF futures

returns are positively correlated, albeit not strongly so at the two ends of the maturity

spectrum with a correlation of only 52%.

2.2 Predicting Returns In-Sample

The prevailing practice in the literature is to test the predictability of returns to FF

futures by a multivariate predictive regression,

r x(n)
t+1 =α(n) +β(n)xt +γ(n) f (n)

t +ε(n)
t+1, (2.4)

where r x(n)
t+1 is the futures return from Eqs. (2.2) and (2.3), and xt is a time t

observable covariate. The expression reduces to the EH in the case where β= γ= 0,

by which futures returns are unpredictable and equal to the constant α(n), which can

vary across contract maturity but not over time. The predictor variables for xt which

are studied in this paper stem from Piazzesi and Swanson (2008) and are the year-

on-year growth in nonfarm employment, the spread between Baa-rated corporate

bonds and the Treasury yield, and four spreads on Treasury yields of maturity 1 to 10

years. These variables are chosen in virtue of their role as business cycle indicators,

consistent with modern asset pricing models such as Campbell and Cochrane (1999)

and Bansal and Yaron (2004) who argue that investors are concerned about the state

of the real economy and require compensation for taking on business cycle risk.

To study the incremental predictive power of these business cycle variables, Pi-

azzesi and Swanson (2008) run (2.4) including the current futures rate of each return

series, denoted f (n)
t , to control for the information in the term structure of interest

rates. A large empirical body of literature finds significant incremental power for bond

excess returns in addition to current yields (see Duffee, 2011, for a review). There are

two dominant explanations for why variables in xt may provide information about

excess returns to FF futures above current yields. In the first view, a variable can

forecast returns without being revealed by current yields if it affects both short-rate

expectations and term premia in an exactly offsetting manner (Joslin, Priebsch, and

Singleton, 2014). In the alternative view, consider how excess returns to FF futures in

Eq. (2.2) are, by construction, equal to minus the short-rate forecast error; specifically,

the realized short-rate minus its futures-based expected value, it+n − f (n)
t =−r x(n)

t+n .

As such, excess return predictability arises in FF futures, because market participants

were not aware that certain macroeconomic variables provided information about

future monetary policy. While providing evidence in favor of either of these two in-
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terpretations is not the main focus of this paper, we further discuss their likeliness

later.

2.2.1 Empirical Results

This section tests if excess returns to FF futures remain predictable from business

cycle variables in our updated dataset. Specifically, Table 2.2 presents results from

regressing excess returns on either nonfarm employment growth, the credit spread, or

the term spreads, following Eq. (2.4). The data sources for these predictor variables are

as follows: To avoid the risk of look-ahead bias in macroeconomic time series, I use

vintage data on nonfarm payroll employment obtained from the ALFRED database

maintained by the Federal Reserve Bank of St. Louis. As such, the year-on-year em-

ployment growth is computed using information available to market participants

in real time.9 For the corporate bond spread, I follow Hamilton and Okimoto (2011)

and define it as the difference between Moody’s seasoned Baa-corporate bond and

the 10-year Treasury constant-maturity bond yield, both of which are available from

the FRED database. Treasury yields and the rate against which FF futures settle, the

EFFR, are all from the Federal Reserve’s H.15 publications.

Table 2.2 provides estimated intercept and slope coefficients as well as t-statistics

based on White (1980) standard errors.10 I also report adjusted R2 values as well as

Wald test statistics and p-values from the test of the slope coefficients being jointly

equal to zero. Panel A presents results from regressing excess returns on the maturity-

specific FF futures rate and the growth in nonfarm employment. Coefficients on both

variables are estimated to be strongly statistically significant. A one percentage point

increase in the FF futures rate leads to an average increase in returns of up to one basis

point, and a one percentage point drop in employment increases average monthly

returns up to one basis point as well. Following Piazzesi and Swanson (2008), both

coefficient signs are consistent with the theoretical prescriptions of modern asset

pricing: (1) expected excess returns are higher when the overall level of interest rates

is high, and (2) expected excess returns are countercyclical and thus higher when

the economy is contracting. Turning to the p-values from the Wald test, we strongly

reject that the slopes are jointly equal to zero. Finally, the adjusted R2 statistics show

that this specification explains up to 7% of return variation at the longest maturity.

The same pattern is evident when using the credit spread as regressor in Panel

B. Here, the estimated coefficients are statistically significant, and high spreads are

found to lead to higher excess returns to FF futures. Finally, Panel C shows results from

9This entails that data is lagged an additional month to account for publication lag, while growth rates
are computed using the vintage data available in each month so as to account for data revisions.

10Visual inspection of the time series of returns reveals significant volatility clustering. In unreported
results, I test the robustness of these estimates to block bootstrapped standard errors (with block length de-
termined according to Politis and White, 2004, and Patton, Politis, and White, 2009) and find no difference
in statistical significance.
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Table 2.2: In-Sample Predictive Regressions. The table reports result from regression (2.4) where r x(n)
t+1 is the one-

month holding-period excess return to FF futures of maturity n = 1, ...,6, and f (n)
t is the maturity-specific futures rate.

In Panel A and B, xt contains either the year-on-year change in nonfarm employment or the credit spread. In Panel
C, we also estimate a model based on four different term spreads. The estimated slope coefficients denote the basis
point change in monthly excess returns following a 1% (100 bps) increase/decrease in the predictor variable. Parame-
ter estimates are accompanied by t-statistics in square brackets computed using heteroscedasticity robust White (1980)
standard errors. I also report Wald statistics χ2 (with degrees of freedom in parenthesis) and p-values from the test of
slope coefficients being jointly equal to zero. The sample goes from 1990:11 to 2018:11.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Nonfarm Employment Growth and Futures Rate

Constant 0.84 0.60 0.54 0.52 0.48 0.45
(1.29) (1.43) (1.76) (1.98) (2.09) (2.09)

Emp. growth -1.00 -0.90 -0.77 -0.71 -0.63 -0.60
(-3.01) (-3.93) (-4.41) (-4.87) (-4.77) (-4.75)

f (n)
t 0.97 0.73 0.53 0.46 0.38 0.37

(3.83) (4.78) (4.87) (5.06) (4.82) (4.78)
Adj.R2 0.04 0.06 0.06 0.06 0.06 0.07

χ2(2) 17.62 27.78 31.59 39.61 37.17 36.75
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00]

Panel B: Corporate Bond Spread and Futures Rate

Constant -11.04 -7.43 -5.75 -4.81 -4.08 -3.93
(-3.44) (-3.60) (-3.88) (-3.94) (-3.99) (-4.06)

Baa spread 3.90 2.60 2.02 1.70 1.45 1.39
(3.41) (3.48) (3.76) (3.87) (3.96) (4.10)

f (n)
t 1.53 1.06 0.78 0.65 0.55 0.53

(4.55) (4.90) (5.10) (5.18) (5.11) (5.05)
Adj.R2 0.09 0.08 0.07 0.07 0.07 0.07

χ2(2) 20.70 24.18 26.02 26.85 26.50 26.26
[0.00] [0.00] [0.00] [0.00] [0.00] [0.00]

Panel C: Spreads on Treasury Bond Yields

Constant -0.63 0.83 0.76 0.60 0.49 0.56
(-0.39) (0.65) (0.79) (0.73) (0.69) (0.87)

1yr-6mo 0.19 0.08 0.05 0.05 0.04 0.03
(3.02) (1.74) (1.49) (1.45) (1.35) (1.31)

2-1yr -0.24 -0.15 -0.12 -0.10 -0.08 -0.07
(-3.21) (-3.21) (-3.32) (-2.99) (-2.60) (-2.46)

5-2yr 0.13 0.09 0.08 0.07 0.06 0.05
(3.26) (3.65) (4.15) (4.00) (3.63) (3.46)

10-5yr -0.05 -0.04 -0.04 -0.04 -0.03 -0.03
(-2.06) (-2.62) (-3.32) (-3.41) (-3.25) (-3.19)

Adj.R2 0.03 0.01 0.02 0.02 0.02 0.02

χ2(4) 13.56 13.33 18.13 18.53 16.37 15.01
[0.01] [0.01] [0.00] [0.00] [0.00] [0.00]

using a combination of the four Treasury yield spreads to predict excess returns.11

Results from this specification are not as strong, with R2 statistics being notably lower

than in Panel A and B. In general, only spreads on long-term yields are significant for

predicting excess returns to FF futures.

Table 2.2 provides evidence of predictable excess returns to FF futures in-sample.

However, the amount of explained variance presented here is notably lower than in

11Because Treasury yields already contain the information in the term structure of interest rates, there
is no need to include the futures rate.
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previous studies. For example, Piazzesi and Swanson (2008) report R2 statistics up to

14% for the employment growth specification for a sample that ends in 2005. Since

our sample ends in 2018, and because lower R2 statistics are seen for all model speci-

fications in Table 2.2, this reveals a notable decline in predictable return variation

over time. The following section digs deeper into why that is the case.

2.3 Forecasting Out-of-Sample

This section investigates if the evidence of predictable returns found in the last

section also holds in an out-of-sample context. To mimic a real-time forecasting

exercise, I split the data into an in-sample estimation period, n1, which contains

five years of data and goes from 1990:11 to 1995:10 and an out-of-sample evaluation

period, n2 = T −n1, running from 1995:11 to 2018:11.12 Over this evaluation period, I

re-estimate the model parameters of Eq. (2.4) recursively at each time point,

r̂ x(n)
t+1 = α̂(n)

t + β̂(n)
t xt + γ̂(n)

t f (n)
t , (2.5)

using only information available at time t . For each return series, n = 1, ...,6, I

compute the performance of the i th forecasting model and the EH benchmark as

MSFEi = (1/n2)
n2∑

s=1

(
r xn1+s − r̂ xi ,n1+s

)2 , (2.6)

MSFEEH = (1/n2)
n2∑

s=1

(
r xn1+s − r xn1+s

)2 , (2.7)

where MSFEi is the mean squared forecast error from the i th forecasting model,

i.e. using either employment growth in combination with the futures rate, the credit

spread in combination with the futures rate, or the four Treasury yield spreads to

predict returns. Further, r xn1+s and r̂ xi ,n1+s are the realized and predicted returns

over the out-of-sample evaluation period n2. Meanwhile, MSFEEH is the forecasting

error of the EH benchmark where r xn1+s is the historical average excess return.

To assess if the predictions of the i th forecasting model constitute a significant

improvement relative to the EH forecast, I compute the Campbell and Thompson

(2008) out-of-sample R2,

R2
OOS = 1−MSFEi /MSFEEH, (2.8)

which gives the reduction in MSFE from the i th model relative to the EH bench-

mark. If R2
OOS > 0, the MSFE of the i th forecasting model is lower than that of the EH,

12Here, T is the length of the full sample.
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indicating higher predictive accuracy. While the R2
OOS statistic measures the relative

improvement in MSFE, it does not reveal whether this improvement is statistically

significant. Diebold and Mariano (1995) proposed a formal test for the equal pre-

dictive ability of two forecasting models. This setup regresses the time series of the

difference in squared forecast errors from the EH benchmark and the i th forecasting

model on a constant and evaluates it using a one-sided upper tail p-value from a

standard normal distribution. I use this test for statistical significance going forward.

2.3.1 Empirical Results

The out-of-sample performance from the three forecasting models is presented in

Table 2.3. I report results from using either an expanding or rolling window approach

to estimate the parameters in Eq. (2.5).

Table 2.3: Out-of-Sample Forecasts. The table reports Campbell and Thompson (2008) R(2)
OOS statistics from predicting

excess returns to FF futures using each of the three models from the literature. Square brackets give Diebold and Mariano
(1995) p-values of equal predictive accuracy. All values are in percentage points. Parameters in Panel A are estimated
using an expanding window of observations, while parameters in Panel B are estimated using a rolling window with five
years of data. The out-of-sample period is 1995:11-2018:11, and all values are in percentage points.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Expanding Window Approach

Employment Growth 0.71 -1.79 -2.58 -1.15 -0.40 0.74
[42.34] [73.63] [77.26] [62.13] [54.12] [43.05]

Credit Spread 2.55 1.03 1.11 0.85 1.27 2.71
[34.30] [41.41] [41.66] [43.56] [39.76] [28.24]

Treasury Spreads -5.61 -4.85 -6.08 -8.51 -8.06 -8.50
[89.11] [95.40] [96.45] [98.59] [97.58] [96.73]

Panel B: Rolling Window Approach

Employment Growth -15.14 -15.69 -15.59 -14.02 -11.66 -9.21
[97.13] [99.49] [98.89] [97.26] [94.47] [88.50]

Credit Spread -2.53 -12.49 -15.52 -15.00 -13.70 -11.54
[61.97] [90.11] [93.82] [94.54] [95.30] [93.92]

Treasury Spreads -2.13 -17.50 -16.02 -15.97 -14.60 -15.49
[67.86] [98.17] [95.61] [95.83] [96.87] [97.50]

Panel A present results from estimating parameters using a expanding window

approach. The first row shows that the employment growth model delivers negative

R2
OOS statistics for most maturities n. Even when the R2

OOS statistic is slightly positive,

the improvement in forecast performance relative to the EH is far from statistically

significant as revealed by the p-values. Results for the credit spread model are pre-

sented in the second row of the table. With small and positive R2
OOS statistics, this

model is slightly better at forecasting futures excess returns than the employment

growth model. Nonetheless, none of the results are close to being statistically signifi-

cant with the lowest p-value being 28%. Finally, the third row shows that the term

spread model consistently delivers negative R2
OOS in the range of -4.85% to -8.51%,

and p-values show that none of these forecasts are statistically significant. Moving on,

Panel B gives the equivalent results from using a rolling window approach to estimate
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the parameters. Results here are noticeably worse than when using the expanding

window, most likely reflecting that the rolling window approach is modeling the noise

of the return series too closely. As such, the expanding window approach, which

uses a longer sample of observations to estimate model parameters, gives the better

forecast.

The out-of-sample results in Table 2.3 are in stark contrast to the in-sample

evidence from Table 2.2. Nonetheless, they corroborate the conclusions from Goyal

and Welch (2008) who show that many stock return predictors do not perform well

out-of-sample. However, the fact that we find positive but statistically insignificant

R2
OOS statistics suggests that the forecasting models might beat the EH during some

periods, but underperform during others. To assess the performance of the predictive

models over time, I follow Goyal and Welch (2008) and compute the cumulative

difference in squared forecast errors (CDSFE) between each of the three forecasting

models and the EH benchmark. The CDSFE is given as

CDSFEi ,τ =
τ∑

s=1
(r xn1+s − r xn1+s )2 −

τ∑
s=1

(r xn1+s − r̂ xi ,n1+s )2, (2.9)

where r xn1+s is the forecasted return from the EH and r̂ xi ,n1+s is the forecast

from the i th forecasting model, both over τ= 1, ...,n2. Figure 2.1 shows the CDSFE of

each of the three forecasting models with parameters estimated using an expanding

window of observations. As emphasized by Goyal and Welch (2008), the units of these

graphs are not important. What is essential is whether the curves are increasing or

decreasing over time, with a positive slope indicating that the model is outperforming

the EH.

Graph A of Figure 2.1 reveals that the employment growth model provides accu-

rate forecasts of FF futures returns across the maturity spectrum up until the 2008

Financial Crisis, during which performance decays rapidly and stays negative until

today. The performance of the corporate bond spread model is equally volatile, with

poor performance during most of the sample, except during the 2008 Financial Crisis

and the years that followed. These differences in performance over time support

the previous findings; a slightly positive but statistically insignificant R2
OOS means

that predictive power is derived from specific periods and is not robust over time.

This phenomenon is also present for the term spread model, but unlike the other

two, this model ends up with negative R2
OOS for all n. Given these results, the next

section considers if stable return predictions can be achieved using more advanced

forecasting techniques.
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Figure 2.1: Cumulative Difference in Squared Forecast Errors. The figures show the CDSFE for each of the three fore-
casting models from the literature computed following Eq. (2.9). Return forecasts of the i th forecasting model are com-
puted using an expanding window of observations. Forecast performance is plotted for excess returns to FF futures of
maturity n = 1, ...,6 months. National Bureau of Economic Research (NBER) recession periods are marked in grey shad-
ing.
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2.4 Forecasting in the Presence of Structural Breaks

Following the critique by Goyal and Welch (2008), empirical finance scholars have

worked to develop better and more sophisticated forecasting techniques. Rapach and

Zhou (2013) survey the literature on stock return forecasting and find that advanced

forecasting techniques such as combination forecasting, economically based sign

restrictions, and models that include time-varying dynamics can yield significant

out-of-sample performance. Because the last section showed that the EH was outper-

formed during one or more periods of the sample, I now introduce a set of alternative

forecasting methods that account for changing predictability over time.

To start with, I model time-varying dynamics using DMA of Raftery et al. (2010).

Rather than using linear predictive regressions, the DMA method combines a state-

space model for the parameters with a Markov chain model for the correct forecasting
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model to enable real-time detection of return predictability. Second, for combination

forecasting, I apply the CSR method of Elliott et al. (2013). Instead of modeling time-

varying dynamics directly, CSR relies on a naïve model-weighting scheme. As such,

the final forecast is constructed as an average of the forecasts of many subset models

restricted to contain a given number of predictor variables. Rather than modeling

changing return predictability explicitly, this approach can be viewed as a simple

yet highly effective diversification strategy for forecasting (Timmermann, 2006). The

following section introduces the frameworks of DMA and CSR before presenting

empirical results from using these methods to forecast FF futures returns.13

2.4.1 Dynamic Model Averaging

DMA is developed by Raftery et al. (2010) and applied to return forecasting by Dangl

and Halling (2012) where it has been successful because it allows both parameters

and predictor variables to change over time. The following section briefly introduces

the DMA framework.

For a given number of predictor variables m, DMA starts by forming all possible

subset models K = 2m . For our purpose, m contains nonfarm employment growth,

the corporate bond spread, the four Treasury yield spreads, as well as the maturity-

specific futures rate. This amounts to a total of 27 = 128 subset models for each return

series. To allow for both time-varying parameters and inclusion probabilities, DMA

has the following state-space representation

yt = x(k)′
t−1β

(k)
t +ε(k)

t , (2.10)

β(k)
t =β(k)

t−1 +η(k)
t , (2.11)

where the superscript k = 1, ...,K denotes each of the 128 subset models. For

our purpose, yt is the one-month ahead futures excess return, xt−1 contains the

predictors of subset model k, βt is a vector of coefficients, while the innovations are

distributed ε(k)
t

ind∼ N
(
0,V (k)

t

)
and η(k)

t
ind∼ N

(
0,W (k)

t

)
with conditional variances to

be estimated. The recursive one-month ahead forecast of yt is a weighted average

forecast across the K subset models

ŷt
DM A =

K∑
k=1

πt |t−1,k x(k)′
t−1β̂

(k)
t−1, (2.12)

13In futures markets, short-selling is common and no more risky than long positions (Bianco, 1977). I
therefore do not apply a strategy that imposes sign restrictions on return predictions such as Campbell
and Thompson (2008).
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where for each subset model k, β̂(k)
t−1 is its parameter prediction, and πt |t−1,k

is its inclusion probability. In this way, the time-varying inclusion probability of

each subset model acts as its weight in the final DMA forecast. In other words, DMA

performs probability-weighted model averaging based on the prediction equation,

πt |t−1,k ≡ Pr (Lt = k|Y t−1),

=
K∑
`=1

πt−1|t−1,`qk`,
(2.13)

where Lt = k means that model k is selected at time t given information through

time t −1, Y t−1 = y1, ..., yt−1. This involves the transition probability qk`, but because

K is large, it is infeasible to estimate the K ×K transition matrix using Markov chain

Monte Carlo (MCMC) methods. Instead, Raftery et al. (2010) introduce an alternative

approach based on Kalman filtering and forgetting factors. They replace Eq. (2.13)

with

πt |t−1,k =
παt−1|t−1,k∑K
`=1π

α
t−1|t−1,`

, (2.14)

where the parameter α is the model forgetting factor. The model prediction

equation is

πt |t ,k = πt |t−1,k fk (yt |Y t−1)∑K
`=1πt |t−1,` f`(yt |Y t−1)

, (2.15)

where f`(yt |Y t−1) is the predictive density of model `, specifically the density of a

N
(
x(`)′

t−1β̂
(`)
t−1,V (`)

t +x(`)′
t−1Σ

(`)
t |t−1x(`)

t−1

)
distribution evaluated at yt . The approach using

forgetting factors allows model and parameter updating using Kalman filtering meth-

ods rather than MCMC. The Kalman filter prediction of the parameters is given as

β̂(k)
t |t−1 = β̂(k)

t−1|t−1, (2.16)

Σ(k)
t |t−1 =

1

λ
Σ(k)

t−1|t−1, (2.17)

where Σ(k)
t |t−1 denotes the covariance matrix of β̂(k)

t |t−1 and λ is the parameter

forgetting factor. The parameter updating equation is
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β̂(k)
t |t = β̂(k)

t |t−1 +Σ(k)
t |t−1x(k)′

t−1

(
V (k)

t +x(k)′
t−1Σ

(k)
t |t−1x(k)

t−1

)−1 (
yt −x(k)′

t−1β̂
(k)
t−1

)
, (2.18)

Σ(k)
t |t =Σ(k)

t |t−1 −Σ(k)
t |t−1x(k)′

t−1

(
V (k)

t +x(k)′
t−1Σ

(k)
t |t−1x(k)

t−1

)−1
x(k)

t−1Σ
(k)
t |t−1, (2.19)

The forgetting factor λ implies that estimating the covariance matrix of the state

equation innovation can be simplified to W (k)
t =

(
λ−1 −1

)
Σ(k)

t |t−1, leading to Eq. (2.17).

Finally, the innovation variance of the observation equation is estimated with a rolling

window approach,

V (k)
t = 1

t∗
t∑

j=t−t∗+1

[(
yt −x(k)′

t−1β̂
(k)
t−1

)2 −x(k)′
t−1Σ

(k)
t |t−1x(k)

t−1

]
, (2.20)

to allow for time-variation in the variance of the innovation term in the observa-

tion equation.

2.4.2 Complete Subset Regressions

The CSR method is developed by Elliott et al. (2013) and has proven an effective

forecasting technique, commonly outperforming methods that allow for time-varying

inclusion of different predictors such as the ridge regression, LASSO, and various

Bayesian methods. CSR generates forecasts by taking an equal-weighted average of

forecasts from all subset models in K = 2m , restricted to a fixed number of predictors

z ≤ K . Specifically, let M denote the forecast models in K that contain z predictor

variables. The CSR method computes individual forecasts for each of these i = 1, ..., M

models using Eq. (2.5) and proceeds by forming an equal-weighted average across

them as

ŷC SR
t+1 = 1

M

M∑
i=1

ŷt+1,i , (2.21)

which for each return series yields z = 1, ...,7 different predictions.

On the one hand, given the signal extraction problem shown in section 2.3, there

is a reason to expect CSR to perform well, since by relying on a naïve weighting

scheme, there is no uncertainty associated with estimating model weights. On the

other hand, the short-lived predictability also documented in that section necessitate

quick model and parameter change, by which DMA should be preferred to CSR. In the

following section, I test empirically which of the two methods gives the best forecast

performance.
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Table 2.4: Out-of-Sample Forecasts: Dynamic Model Averaging and Complete Subset Regressions. The table presents

Campbell and Thompson (2008) R(2)
OOS statistics from predicting one-month holding-period returns to FF futures using

either Dynamic Model Averaging (panel A) or Complete Subset Regressions (Panel B). Square brackets give Diebold and
Mariano (1995) p-values. Each row contains results using different specifications of the two methods; parameters λ and
α are the model and parameter forgetting factors in DMA. z is the fixed number of predictors in the subset models that
the CSR method averages across. The out-of-sample period is 1995:11-2018:11, and all values are in percentage points.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Dynamic Model Averaging

λ=α= 0.95 3.82 -1.47 3.22 5.69 5.81 4.37
[27.08] [60.28] [30.80] [19.83] [18.32] [17.14]

λ=α= 0.99 6.93 1.12 -7.47 -1.72 -1.22 0.80
[0.11] [35.62] [90.95] [64.03] [59.68] [42.98]

λ=α= 1 -32.19 -417.85 -6.09 -2.02 0.12 -0.16
[98.45] [100.00] [87.28] [66.24] [48.99] [51.37]

λ= 0.99, α= 0.95 9.09 5.22 -7.42 -1.83 -0.81 4.81
[0.89] [3.80] [90.81] [65.02] [56.68] [15.74]

λ= 0.95, α= 0.99 7.03 4.77 7.10 8.73 8.80 4.17
[1.74] [4.59] [1.37] [0.45] [0.41] [17.68]

Panel B: Complete Subset Regressions

z = 1 1.19 0.74 0.92 0.88 0.85 0.99
[4.13] [15.32] [17.66] [20.34] [21.47] [17.16]

z = 2 4.65 3.25 3.56 3.41 3.30 3.82
[0.07] [0.93] [2.20] [3.11] [3.74] [1.74]

z = 3 8.42 5.99 6.78 6.86 6.72 7.85
[0.05] [0.10] [0.17] [0.18] [0.24] [0.07]

z = 4 9.70 6.63 7.67 8.12 7.94 9.28
[0.51] [0.52] [0.42] [0.26] [0.37] [0.27]

z = 5 8.12 5.14 6.16 6.98 6.77 7.82
[5.08] [6.49] [4.56] [2.67] [3.30] [3.79]

z = 6 3.34 1.92 2.74 3.60 3.41 3.79
[29.00] [32.40] [27.09] [21.04] [22.78] [25.00]

z = 7 -4.70 -2.17 -1.82 -1.70 -1.83 -2.40
[74.33] [67.07] [63.33] [62.26] [62.87] [63.63]

2.4.3 Empirical Results

This section presents results from predicting FF futures returns using either DMA or

CSR. For DMA, I use a window length of two years when estimating the observation

equation variance in Eq. (2.20) and report the sensitivity of the method to different

values of forgetting factors 0 <λ≤ 1 and 0 <α≤ 1. For CSR, I report the results from

averaging across subset models with z = 1, ...,7 predictors. The evaluation sample is

the same as earlier, namely 1995:11 to 2018:11, so that the estimation sample is five

years.

The first row of Panel A shows the performance of DMA with both forgetting

factors set at 0.95. With monthly data, this is a relatively low value for the forgetting

factors, and it implies that observations last year receive approximately 54% as much

weight as last month’s observation, while observations five years ago receive about

5% as much.14 In other words, this specification allows for fast parameter and model

change. For most of the return series, forecasting using this specification leads to

14The weight on past information is computed as λ j or α j , where j is the number of periods. With
monthly data, it follows that 0.9512 = 0.54 and 0.9560 = 0.05.
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sizeable improvements in R2
OOS statistics relative to the performance of the three

forecast models considered in Table 2.3. Despite this, the improvement in forecast

accuracy is not statistically significant.

The second row of Panel A shows the performance of DMA with the opposite

properties to the first row; both parameter and model forgetting factor are set at 0.99,

entailing a high degree of memory. Now, observations one year ago receive a weight

of approximately 89%, while observations from five years ago are weighted at 55%.

As we see, this type of slow adjustment works well when predicting returns at the

shortest end of the futures maturity spectrum, yielding a statistically significant R2
OOS

of 6.93% for n = 1. However, this performance deteriorates fast when moving up the

maturity spectrum, producing statistically insignificant R2
OOS statistics for contracts

of maturity n = 2, ...,6.

Following Raftery et al. (2010), the next row presents results for the special case

where λ=α= 1. As such, neither the model indicator nor the parameters evolve over

time and we obtain the static Bayesian Model Averaging. None of the predictions

produced here are informative about future excess returns, cementing the need to

take dynamic effects into account when using the Bayesian framework. The fourth

row of Panel A gives the results for the case where the model parameters are assumed

to evolve slowly, λ= 0.99, but models can change on a quick notice, α= 0.95. This

specification is marginally better than the case of both slow parameter and model

adjustment, producing statistically significant R2
OOS statistics for n = 1,2. Finally, in

the last row, parameters are allowed to change rapidly, λ= 0.95, while model change

is slow, α= 0.99. This particular combination produces the overall best performance

within the DMA framework. All R2
OOS statistics, except for n = 6, are statistically

significant and at best up to 8.80%.

In conclusion, Panel A provides statistical evidence that there are predictable

returns to FF futures out-of-sample once we allow for time-varying dynamics. The

speed with which models and parameters change does not have a homogeneous

impact on forecasting performance across the futures maturity spectrum. The last

two rows of Panel A show that quick model change and slow parameter adjustment

are best for forecasting returns at the short end, while slow parameter adjustment and

quick model change produce better forecasts of returns at the long end. In total, quick

parameter change and slow model adjustment give the best overall performance with

positive and statistically significant R2
OOS statistics for maturities n = 1, ...,5.

We now turn to panel B which presents results from forecasting futures returns

using the CSR method. The first row in panel B presents the forecasting performance

for z = 1. Setting the maximum number of predictors in each subset model to one

means that we are averaging across seven univariate forecasting models. Here, almost

all R2 statistics are positive but statistically insignificant. Next, results from averaging
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across all bivariate subset models, z = 2, are presented in the second row of Panel

B. This specification increases the accuracy of forecasts notably. At z = 2, all R2
OOS

statistics are positive and statistically significant across the entire maturity spectrum.

Increasing the fixed number of predictors to z = 3 improves these performances even

further, yielding statistically significant R2
OOS statistics up to 8.42%.

At z = 4 we reach the optimal number of predictors in the subset models. This

specification now leads to R2
OOS statistics between 6.63% to 9.70% that are statistically

significant across the entire futures maturity spectrum. However, p-values are now

marginally higher than for z = 3, suggesting that the higher R2
OOS statistics come at

the price of slightly higher forecast variance. The downside of this trade-off is stronger

when the number of variables is increased to z = 5, as all R2
OOS statistics are positive

but become statistically insignificant. Finally, at z = 7 we arrive at the direct opposite

to the univariate approach; the kitchen sink. Here, all seven predictors are included in

one predictive regression and no model averaging takes place. It is a well-established

fact from the forecasting literature that the kitchen sink approach does not work,

often because of problems with multicollinearity. This fact is also present in our data,

as the kitchen sink produces negative and statistically insignificant forecasts for all

return series.

Figure 2.2 plots the historical performance of the best performing specifications

of DMA (λ= 0.95, α= 0.99) and CSR (z = 4). For both methods, the positive slope of

the CDSFE reveals that predictive performance is robust over time. The sole exception

is for n = 6, where DMA underperforms relative to EH during several years. For all

other return series, predictability is not derived from any particular event or period.

The same is true for all return series using CSR.15

In total, this section has shows that using more sophisticated forecasting tech-

niques like DMA and CSR leads to significantly better return forecasts. Interestingly,

the equal-weighted averaging across linear models from CSR is just as good and, in

some instances, even better than explicit modeling of time-varying dynamics using

DMA. Nonetheless, the overall accuracy of the forecasts produced by both DMA and

CSR strongly outperforms the EH benchmark and consequently provides statistical

evidence of predictable excess returns to FF futures.

2.5 The Economic Significance of Return Predictability

The analysis has so far been based on statistical measures to evaluate return pre-

dictability. To assess the economic value of these forecasts, I now apply mean-

variance analysis to the performance of a dynamic asset allocation strategy in the

futures market. Specifically, the goal is to quantify how much an investor is willing

15However, for both DMA and CSR, there are notable increases in performance during recessions.
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Figure 2.2: CDSFE: Dynamic Model Averaging and Complete Subset Regressions. The figures show the CDSFE for DMA
(λ= 0.95, α= 0.99) and CSR (z = 4). Forecast performance is plotted for excess returns to FF futures of maturity n = 1, ...,6
months, and the out-of-sample period is 1995:11-2018:11. National Bureau of Economic Research (NBER) recession
periods are marked in grey shading.
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to pay for switching from a strategy that assumes the EH to a dynamic strategy that

conditions on the return forecasts from the last section.

2.5.1 Dynamic Asset Allocation Without Transaction Costs

In this section, we take the perspective of an investor with quadratic utility who is

assumed to construct a portfolio and rebalance it every month. This rebalancing takes

place by choosing the weight ω(n)
t to invest in FF futures of maturity n = 1, ...,6 versus

the one-month risk-free rate r f ,t+1. There is an obvious pitfall in the assumption that

the risky asset consists only of FF futures. FF futures are purely financial instruments

rather than investment assets, and are mainly used by banks to hedge the value

of reserves against fluctuations in the federal funds rate. However, the objective of

this exercise is not to design a realistic asset allocation strategy, but to measure the



42 CHAPTER 2. RETURN PREDICTABILITY IN FEDERAL FUNDS FUTURES: IS IT THERE?

economic significance of deviations from the EH.16 The portfolio return based on the

choice of ω(n)
t is

r (n)
t+1 = r f ,t+1 +ω(n)

t r x(n)
t+1, (2.22)

where r x(n)
t+1 is defined from Eqs. (2.2) and (2.3). To determine optimal weights,

the investor makes a trade-off between expected returns and risk by solving the

following utility maximization problem

max
ω(n)

t

Et

[
r (n)

t+1

]
− ϕ

2
vart

[
r (n)

t+1

]
, (2.23)

where ϕ is the investor’s level of relative risk aversion. The solution to the maxi-

mization problem measures how much wealth the investor puts in the risky asset,

ω(n)
t = 1

ϕ

Et [r x(n)
t+1]

vart [r x(n)
t+1]

(2.24)

where Et [r x(n)
t+1] and vart [r x(n)

t+1] are the conditional expectation and variance of

returns to FF futures. The average utility realized by the investor from using the series

of realized weights is found as

U
(n) = 1

n2

n2∑
s=1

[
r (n)

n1+s −
ϕ

2

(
r (n)

n1+s −µ(n)
)2

]
(2.25)

where µ(n) denotes the average portfolio return attained by following the trading

strategy. As such, any time a forecasting model is more accurate than the EH bench-

mark, this leads to a higher realized utility. For the i th forecasting model, I compute

the annual utility gain in basis points relative to the EH benchmark, denoted ∆U
(n)

.

This value is found as the difference in average utility from Eq. (2.25), when predicting

excess returns using the i th forecasting model or the EH benchmark, respectively.

This average utility gain, or certainty equivalent return, is interpreted as the portfolio

management fee (in annual basis points) that an investor would be willing to pay

to have access to the return predictions instead of the EH forecast. Further, to see

if the differences in utility are statistically significant, I follow Gargano, Pettenuzzo,

and Timmermann (2017) and compute Diebold and Mariano (1995) p−values for

the equality of realized utilities. Another measure frequently used to assess portfolio

16The same point is made by Della Corte et al. (2008) who use an equivalent mean-variance setup to
test the economic value of predictable returns to repo rates.
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performance is the Sharpe ratio. However, because the Sharpe ratio can be manipu-

lated, I report the manipulation-proof performance measure of Goetzmann, Ingersoll,

Spiegel, and Welch (2007),

Θ(n) = 1

(1−ϕ)∆t

l n

 1

n2

n2∑
s=1

 1+ r (n)
n1+s

1+ r f ,n1+s

1−ϕ
 , (2.26)

where r (n)
n1+s denotes the gross portfolio return attained from following the strategy

implied by the i th forecasting model, and ∆t is the length of time between obser-

vations. I report the change in the measure in annual basis points, ∆Θ
(n)

, as the

difference in Eq. (2.26) from predicting excess returns using the i th forecasting model

or the EH benchmark, respectively.

Both performance measures depend on the investor’s degree of relative risk aver-

sion and the size of the positions that the investor is allowed to take in the risky asset

ω(n)
t . For the risk aversion parameter, I follow the literature and set it at ϕ= 5. For the

conditional variance, I estimate a GARCH(1,1) model to allow for heteroscedastic

return innovations.17 The weight on the risky asset is restricted to the interval [−1,1],

allowing the investor to take both long and short positions in FF futures. The one-

month risk-free rate for this exercise is obtained from The Center for Research in

Security Prices (CRSP).

Table 2.5 presents the average annual utility gain relative to the EH. Panel A

presents results from guiding investment decisions using each of the three forecasting

models from the literature. For the employment growth model, utility gains are in

the range of -0.05 to 3.74 annual basis points. For the credit spread model, they

are between -0.68 to 3.45 annual basis points, and for the term spread model the

interval is -3.87 to 6.19 annual basis points. While many of the forecasts produced by

these models delivered negative R2
OOS statistics, they now result in slightly positive

utility gains. This is mirrored in Panel A of Table 2.6 where the manipulation-proof

performance measure closely tracks utility gains. However, none of the utility gains

in Panel A are statistically significant in terms of the Diebold and Mariano (1995) test.

Panel B shows the utility gains from forecasting excess returns based on the

five specifications of DMA considered in this paper. For almost all specifications,

utility gains are either small and statistically insignificant or strongly negative and

statistically insignificant. The only exception is the specification with quick parameter

adjustment and slow model change, λ = 0.95, α = 0.99, where there are positive

17Results are equivalent when using the historical variance estimated with either an expanding or a
rolling window of observations.
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Table 2.5: Utility Gains: No Transaction Costs. The table reports the average annual utility gain in basis points for all

forecasting models considered in the paper relative to the EH benchmark, ∆U
(n)

. The ∆U
(n)

statistics are accompanied
by p-values in square brackets from the Diebold and Mariano (1995) test for equal utilities. No transaction costs are
included in portfolio rebalancing. The out-of-sample period is 1995:11 to 2018:11.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Base Case Approaches

Employment growth model -0.05 2.28 -0.90 3.74 3.16 3.38
[51.56] [20.78] [58.81] [23.34] [31.23] [33.35]

Credit spread model -0.68 0.58 3.45 2.79 2.76 1.61
[69.23] [39.29] [8.45] [18.97] [24.48] [38.38]

Term spread model -3.87 -0.91 2.50 6.19 2.37 0.92
[90.71] [67.03] [27.61] [16.06] [39.32] [46.66]

Panel B: Dynamic Model Averaging

λ=α= 0.95 -2.14 -4.75 1.42 0.40 2.27 -15.04
[84.12] [92.28] [39.54] [47.84] [40.47] [85.54]

λ=α= 0.99 0.00 -0.01 -70.11 -50.79 -50.62 -24.13
[50.00] [51.60] [99.98] [99.70] [99.58] [97.55]

λ=α= 1 -1.39 -0.69 -69.25 -53.65 -30.27 -26.91
[97.87] [81.29] [99.98] [99.80] [98.87] [98.21]

λ= 0.99, α= 0.95 0.04 0.01 -69.71 -47.75 -42.10 -9.46
[46.22] [49.47] [99.98] [99.89] [99.74] [75.35]

λ= 0.95, α= 0.99 -1.29 -0.22 2.09 4.70 5.87 -11.53
[73.98] [54.67] [31.88] [20.89] [20.01] [79.13]

Panel C: Complete Subset Regressions

z = 1 0.00 0.00 0.00 0.00 0.00 0.00
[50.00] [50.00] [50.00] [50.00] [50.00] [50.00]

z = 2 0.00 0.00 0.00 0.00 0.00 0.00
[50.00] [50.00] [50.00] [50.00] [50.00] [50.00]

z = 3 0.11 -0.08 0.74 -1.73 -0.06 2.18
[6.09] [55.34] [29.15] [93.04] [95.04] [16.50]

z = 4 2.70 2.19 1.22 10.36 9.00 7.32
[1.01] [15.31] [38.17] [0.89] [5.56] [15.34]

z = 5 2.22 1.05 2.97 4.51 5.01 2.55
[11.75] [35.50] [26.98] [23.10] [26.07] [40.91]

z = 6 1.98 -7.09 -6.54 -1.06 -0.28 -4.20
[16.90] [83.91] [83.26] [55.36] [51.10] [63.17]

z = 7 -3.65 -10.53 -9.17 -7.92 1.83 -6.97
[78.19] [91.79] [83.74] [75.89] [43.14] [69.66]

but small gains for the longer-maturity futures. In all cases, however, the gains are

statistically insignificant. Panel C presents the annual utility gains from using the

CSR method. For z = 1,2,3 as well as z = 6,7, there are no notable improvements in

utility relative to the EH. Results from the manipulation-proof performance measure

in Table 2.6 echo these findings. On the other hand, for z = 4,5 the utility gains

are positive across the entire futures maturity spectrum and up to 10.33 annual

basis points. However, in only two of these cases is the utility gain also statistically

significant.

2.5.2 Dynamic Asset Allocation with Transaction Costs

While the evidence for economic value from predicting returns to FF futures is weak,

the previous section showed that it might exist when the best forecasting methods
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Table 2.6: Manipulation-Proof Performance Measure: No Transaction Costs. The table reports average annual gain in

portfolio premia for all forecasting models considered in the paper relative to the EH benchmark,∆Θ
(n)

. All values are in
basis points. No transaction costs are included in portfolio rebalancing. The out-of-sample period is 1995:11 to 2018:11.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Base Case Approaches

Employment growth model -0.04 2.28 -0.88 3.75 3.18 3.41
Credit spread model -0.66 0.58 3.45 2.79 2.76 1.62
Term spread model -3.90 -0.93 2.48 6.20 2.41 0.96

Panel B: Dynamic Model Averaging

λ=α= 0.95 -2.16 -4.77 1.40 0.38 2.25 -15.10
λ=α= 0.99 0.00 -0.01 -70.23 -50.90 -50.60 -24.15
λ=α= 1 -1.38 -0.68 -69.38 -53.77 -30.40 -27.10
λ= 0.99, α= 0.95 0.04 0.01 -69.83 -47.71 -42.07 -9.45
λ= 0.95, α= 0.99 -1.31 -0.24 2.08 4.67 5.85 -11.61

Panel C: Complete Subset Regressions

z = 1 0.00 0.00 0.00 0.00 0.00 0.00
z = 2 0.00 0.00 0.00 0.00 0.00 0.00
z = 3 0.11 -0.08 0.74 -1.72 -0.06 2.19
z = 4 2.69 2.18 1.18 10.33 8.98 7.29
z = 5 2.20 1.03 2.94 4.45 4.95 2.52
z = 6 1.96 -7.14 -6.60 -1.10 -0.31 -4.24
z = 7 -3.68 -10.59 -9.23 -7.96 1.80 -7.02

are used. An important aspect of the analysis that is not considered so far, however,

is transaction costs. As an example, futures commission merchants charge round-

turn commission and transaction costs can therefore play an important role when

evaluating the performance of asset allocation strategies in the futures market. This

section re-examines the economic value of return predictions when introducing a

small transaction cost of 3 basis points for trading both long and short.18 The results

presented in Table 2.7 show that when we account for transaction costs, the economic

value of actively trading on deviations from the EH is no longer appealing for any

model specification. Utility gains decrease notably and none of them are statistically

significant. The same decline is seen for the manipulation-proof performance mea-

sure in Table 2.8 where we also see that none of the realized portfolio premia are

significant when including transaction costs.

The conclusions from this section do not support that investors can achieve

meaningful economic gains by taking advantage of predictable excess returns to FF

futures. The utility gains attained by conditioning on even the best performing fore-

casting technique are small and statistically insignificant when transaction costs are

taken into account. As the same pattern emerges when considering the manipulation-

proof performance measure of Goetzmann et al. (2007), this strongly suggests that

predictable returns, i.e. predictable deviations from the EH, are not of any economic

importance in FF futures.

18Transaction costs of the same size are considered by Della Corte et al. (2008) in their study of repo
rates.
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Table 2.7: Utility Gains: With Transaction Costs. The table reports the average annual utility gain in basis points for all

forecasting models considered in the paper relative to the EH benchmark, ∆U
(n)

. The ∆U
(n)

statistics are accompanied
by p-values in square brackets from Diebold and Mariano (1995) tests of equal utilities. Transaction costs of portfolio
rebalancing are included. The out-of-sample period is 1995:11 to 2018:11.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Base Case Approaches

Employment growth model -0.75 1.23 -3.05 2.48 1.79 1.86
[71.90] [32.81] [77.49] [31.37] [39.04] [40.61]

Credit spread model -2.37 -1.08 1.42 -0.08 0.30 -1.32
[94.32] [68.66] [29.45] [50.92] [47.05] [59.42]

Term spread model -7.30 -4.77 -2.54 0.96 -3.43 -4.48
[98.91] [98.14] [72.12] [44.05] [65.02] [65.62]

Panel B: Dynamic Model Averaging

λ=α= 0.95 -5.85 -9.51 -4.12 -3.20 -1.21 -19.12
[99.06] [99.45] [76.48] [66.02] [55.00] [90.66]

λ=α= 0.99 0.00 -1.34 -71.31 -52.42 -53.94 -27.80
[50.00] [99.58] [99.99] [99.75] [99.74] [98.73]

λ=α= 1 -3.12 -3.23 -70.40 -55.06 -31.60 -28.21
[99.98] [99.97] [99.99] [99.84] [99.10] [98.57]

λ= 0.99, α= 0.95 -2.02 -2.52 -71.69 -50.98 -47.12 -13.66
[99.90] [99.72] [99.99] [99.94] [99.90] [83.58]

λ= 0.95, α= 0.99 -2.25 -1.13 0.87 3.47 4.43 -15.85
[84.53] [70.95] [42.56] [27.95] [26.68] [86.37]

Panel C: Complete Subset Regressions

z = 1 0.00 0.00 0.00 0.00 0.00 0.00
[50.00] [50.00] [50.00] [50.00] [50.00] [50.00]

z = 2 0.00 0.00 0.00 0.00 0.00 0.00
[50.00] [50.00] [50.00] [50.00] [50.00] [50.00]

z = 3 -0.32 -1.62 -1.01 -3.06 -0.35 1.49
[98.70] [98.00] [74.99] [98.30] [98.36] [23.87]

z = 4 0.01 -0.36 -2.89 7.13 5.43 3.75
[49.80] [56.46] [75.84] [10.01] [17.01] [30.26]

z = 5 -0.70 -1.19 0.17 0.93 0.42 -1.96
[63.18] [65.62] [48.59] [44.09] [47.87] [56.92]

z = 6 -3.78 -11.12 -12.68 -5.80 -6.28 -9.93
[93.63] [93.37] [96.45] [76.37] [72.96] [78.27]

z = 7 -12.09 -15.57 -14.15 -14.06 -5.92 -15.17
[99.19] [97.61] [93.17] [89.07] [71.05] [86.49]

2.5.3 Futures as Risk-Adjusted Forecasts of Monetary Policy

This section tests if short-rate forecasts are improved when futures rates are adjusted

for predictable excess returns. Assuming the presence of a time-varying risk premium,

the rate on a FF futures is given as

f (n)
t = Et [it+n]+Et [r x(n)

t+n], (2.27)

where Et [it+n] is the expected federal funds rate over month t +n, and Et [r x(n)
t+n]

is the expected excess return component. To risk-adjust futures rates, re-arrange Eq.

(2.27) and subtract the estimated excess return,

Et [it+n] = f (n)
t − r̂ x(n)

t+n , (2.28)
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Table 2.8: Manipulation-Proof Performance Measure: With Transaction Costs. The table presents average annual gain

in portfolio premia for all forecasting models considered in the paper relative to the EH benchmark,∆Θ
(n)

. All values are
in basis points. Transaction costs of portfolio rebalancing are included. The out-of-sample period is 1995:11 to 2018:11.

r x(1)
t+1 r x(2)

t+1 r x(3)
t+1 r x(4)

t+1 r x(5)
t+1 r x(6)

t+1

Panel A: Base Case Approaches

Employment growth model -0.74 1.23 -3.03 2.49 1.81 1.89
Credit spread model -2.34 -1.06 1.42 -0.06 0.31 -1.29
Term spread model -7.32 -4.78 -2.56 0.97 -3.39 -4.43

Panel B: Dynamic Model Averaging

λ=α= 0.95 -5.86 -9.53 -4.14 -3.22 -1.24 -19.18
λ=α= 0.99 0.00 -1.32 -71.41 -52.52 -53.91 -27.82
λ=α= 1 -3.09 -3.20 -70.52 -55.17 -31.74 -28.41
λ= 0.99, α= 0.95 -2.01 -2.51 -71.80 -50.94 -47.07 -13.65
λ= 0.95, α= 0.99 -2.27 -1.15 0.85 3.44 4.40 -15.92

Panel C: Complete Subset Regressions

z = 1 0.00 0.00 0.00 0.00 0.00 0.00
z = 2 0.00 0.00 0.00 0.00 0.00 0.00
z = 3 -0.32 -1.61 -1.01 -3.04 -0.35 1.50
z = 4 0.02 -0.35 -2.92 7.11 5.41 3.74
z = 5 -0.71 -1.22 0.15 0.89 0.39 -1.96
z = 6 -3.80 -11.16 -12.73 -5.83 -6.30 -9.96
z = 7 -12.11 -15.64 -14.20 -14.09 -5.94 -15.20

to get a forecast of the federal funds rate that is free of the risk premium. To assess

the value of this risk-adjustment, I report the mean error (ME) and the root mean

square error (RMSE) from predicting the federal funds rate using the unadjusted and

risk-adjusted futures rates,

ME = 1

n2

n2∑
s=1

(
in1+s −En1+s−n[in1+s ]

)
, (2.29)

RMSE =
√

1

n2

n2∑
s=1

(
in1+s −En1+s−n[in1+s ]

)2, (2.30)

where n1 is the in-sample estimation period, n2 is the out-of-sample evaluation

period, in1+s is the federal funds rate over month n1 + s, and En1+s−n[in1+s ] is its

expected value at time n1 + s −n where n is the forecast horizon. I also report Diebold

and Mariano (1995) p−values for equal predictive accuracy of these adjusted and

unadjusted forecasts of the federal funds rate.19

19Optimally, our econometric setup should have allowed us to forecast returns, not as one-month
holding-period returns, but as returns realized from buying FF futures with n months to maturity and
holding them until expiry. This would have allowed us to test the value of risk-adjusting FF futures at
different forecasting horizons. Unfortunately, at a monthly data frequency, this would introduce a high
degree of overlap which is incompatible with the assumption of independent return innovations in the
DMA framework. Luckily, it is possible to test the value of risk-adjusting FF futures at the one-month
horizon within the current analysis, as the return in Eq. (2.3) translates directly into the estimated return
in Eq. (2.28).
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Table 2.9: Forecasting the Federal Funds Rate. The table reports results from forecasting the one-month ahead federal
funds rate using unadjusted and risk-adjusted FF futures. The risk-adjustment takes place following Eq. (2.28). I also
report p-values from the Diebold and Mariano (1995) test of equal predictive accuracy. All results are in annual basis
points. The out-of-sample evaluation period is 1995:11 to 2018:11.

ME RMSE p-value

Panel A: Base Case Approaches

Unadjusted forecast -1.81 7.94
Employment growth 0.16 7.90 [51.79]
Credit spread 1.02 7.83 [39.34]
Term spread 1.70 8.15 [78.25]

Panel B: Dynamic Model Averaging

λ=α= 0.95 0.41 7.77 [31.41]
λ=α= 0.99 1.00 7.65 [9.72]
λ=α= 1 1.48 9.11 [97.61]
λ= 0.99, α= 0.95 0.71 7.56 [8.36]
λ= 0.95, α= 0.99 0.29 7.64 [8.76]

Panel C: Complete Subset Regressions

k = 1 1.81 7.88 [39.78]
k = 2 1.43 7.74 [19.68]
k = 3 0.87 7.59 [8.30]
k = 4 0.29 7.53 [7.74]
k = 5 -0.31 7.60 [14.03]
k = 6 -0.84 7.79 [33.61]
k = 7 -1.22 8.11 [68.11]

The top row of Panel A in Table 2.9 presents the results from forecasting the

one-month ahead federal funds rate using unadjusted futures. With ME and RMSE

of -1.81 and 7.94 basis points, respectively, these results are very similar to those

previously reported in the literature. The remaining rows in the panel present the

results from risk-adjusting futures rates based on the literature’s proposed models. As

both the employment growth and credit spread models produce a positive R2
OOS for

the one-month ahead return (see section 2.3), it comes as no surprise that these two

models yield a small improvement in RMSE relative to the unadjusted futures rate.

Lastly, as the term spread model yielded a negative R2
OOS for n = 1, it is therefore also

not surprising that the RMSE from risk-adjusting using this model is worse than in

the unadjusted case.

Panel B presents results from risk-adjusting using the five specifications of DMA

considered in this paper. The first row reports results for when both forgetting factors

are set at 0.95, while the second row gives the results when they are both set at

0.99. Both specifications yield modest improvements in RMSE. Further, and in line

with results in section 2.4, DMA with both forgetting factors set at λ = α = 1 does

not improve short-rate forecasts relative to the unadjusted case. Finally, the two

last rows of Panel B present the improvement to RMSE for λ = 0.99, α = 0.95 and

λ = 0.95, α = 0.99, respectively. In both cases, we see improvements in short-rate

forecasts, both relative to the unadjusted forecast and relative to the results in Panel A.

Finally, Panel C gives the results from risk-adjusting based on CSR return predictions.
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Unsurprisingly, the specification z = 4, which also yielded the best R2
OOS statistics,

leads to the largest improvement in RMSE and brings it down to 7.53. The other

specifications, with the exception of the kitchen sink z = 7, also lead to reductions in

RMSE.

In conclusion, this section shows that the forecasting accuracy of FF futures is

slightly improved by using the advanced return forecasting techniques introduced in

this paper. However, ME and RMSE are denoted in basis points, and so, the improve-

ment is not large from an economic perspective. This is confirmed when considering

the p−values which reveal that none of the improvements in short-rate forecasts are

statistically significant. As such, this section rejects that risk-adjusting FF futures in

real time provides a valuable improvement to the short-rate forecasts embedded in

the contracts.

2.6 Discussion

The previous analyses have shown that while there are statistically detectable devia-

tions from the EH in FF futures, none of these deviations are economically important.

What explains the presence of such small and predictable returns? The alternative

interpretation to the risk premium story is to allow for deviations from the full-

information rational expectations (FIRE) assumption usually applied in the literature.

As noted by Piazzesi and Swanson (2008), excess returns to FF futures are equal

to minus the short-rate expectation error. In this vein, ex-post predictability from

macroeconomic variables exists because market participants were not aware that

these variables provided valuable information about future monetary policy.

This interpretation has already been suggested by Hamilton (2009): "Moreover,

although nonfarm payrolls turn out to be a variable that helped to forecast the fed

funds rate over this sample period, that does not prove that the same variable will

help predict in the future. Viewing nonfarm payroll employment growth as a factor

that turned out to be correlated with the federal funds rate within the sample but

that markets overlooked, rather than as a factor that determines the risk premium,

seems to be the most natural interpretation." This does not, however, entail that

market participants have irrational expectations. In fact, Guidolin and Thornton

(2018) suggest that an empirical rejection of the EH is due to the failure of market

participants to forecast short-term rates in the manner assumed by the expectations

generating process that is used in conventional tests of the EH. As such, deviations

from the EH arise because future short-term rates are determined by new information

(i.e. news) that is essentially unpredictable.

Cieslak (2018) studies interest rate expectations from the Blue-Chip survey and

shows that market participants make systematic errors in their forecasts of the federal

funds rate. Interestingly, she also finds that a variable like employment growth pre-
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dicts short-rate expectation errors based on survey data. She argues that this variable

was especially powerful during the 1990s when, following the Volcker disinflation and

Alan Greenspan becoming the Federal Reserve Chair in 1987, market participants

needed time to understand the Fed’s response to employment in an environment of

relatively stable inflation expectations. The absence of economic gains from return

predictability in FF futures suggests that errors in the short-rate expectations embed-

ded in the contracts, rather than risk premia, provide the most likely explanation for

return predictability. Studying this interpretation further represents an interesting

avenue for future research.

2.7 Conclusion

This paper contributes to the literature by conducting an out-of-sample evaluation

of the predictability of excess returns to FF futures. In the light of the critique by

Goyal and Welch (2008), it comes as no surprise that the variables suggested to be

good predictors of FF futures returns fail in doing so when evaluated out-of-sample.

However, instead of accepting the EH right away, I apply more advanced forecasting

techniques and find evidence of predictable returns across the term structure of

futures rates. Moving beyond statistical evaluation, I test both the economic value for

a mean-variance investor who uses this predictability to rebalance her portfolio and

assess the forecasting accuracy of risk-adjusted FF futures. These results suggest that

predictable returns to FF futures are small and economically insignificant.

The contrast between statistical and economic evaluation is well-known in the

literature. Since activities in the FF futures market are driven by the need to hedge

near-term interest rate risk in the federal funds market, rather than to speculate in

search of excess returns, it seems unlikely that ordinary investors would be actively

exploiting EH departures here. The main conclusion is therefore, that even though

the EH is rejected statistically, it provides a reasonable approximation to explain the

term structure of FF futures rates.
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Abstract

We use survey data on expectations about future monetary policy to decompose

excess returns to federal funds futures and overnight index swaps into a term pre-

mium and an expectation error component. We find that excess returns are almost

entirely driven by expectation errors, while term premia are slightly negative and

economically small. We show that most of the expectation errors stem from market

participants underestimating how aggressively the Federal Reserve has eased policy

during the last three decades. Our evidence suggests that market participants at the

time were unaware of changes in the central bank’s reaction function, in particular the

importance attributed to deteriorating financial conditions and falling stock market

returns. We confirm our main results in an international sample of six major currency

areas.
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Money markets are at the heart of the international monetary and financial system

and a crucial source of funding for key market participants, such as banks, dealers,

hedge funds, and shadow banking entities. Overnight (O/N) money market rates

commonly serve as policy target of major central banks around the globe and form an

integral part of monetary policy implementation frameworks. It is thus important to

understand the main drivers of short-term interest rate expectations and fluctuations

in the term structure of money market rates.

Answering these questions is relevant for central banks that need to understand

whether the prices of money market derivatives (such as futures or swaps linked to

O/N rates) provide meaningful indications about expectations of future short-rates.

The term structure of market-implied future short-term rates is a common ingredient

in their market monitoring, in particular, ahead of policy decisions. A key question

that frequently arises is to what extent the signals in market prices can be trusted as

being accurate reflections of investor expectations, or whether they could be distorted

due to the presence of term premia or certain biases. In the same vein, understanding

the pricing and predictability of money market rates matters for the large group of

market participants that fund their assets in these markets and trade derivatives to

hedge their exposures.1

The main goal of this paper is to provide a better understanding of the expecta-

tions about the future course of monetary policy embedded in the term structure of

money market derivatives. In doing so, we also provide a novel assessment of whether

and under what conditions the expectations hypothesis (EH) holds in money markets.

Our analysis focuses on the drivers of excess returns to federal funds (FF) futures and

overnight index swaps (OIS). Crucial to our analysis is to complement the data on the

pricing of these derivatives with survey expectations about future short-term interest

rates.

As a starting point, we first document that expected future short-rates extracted

from FF futures and OIS differ on average from realized short-rates at the maturity of

the contract. In other words, fixed rates are “biased” predictors of future short-rates,

which is a well-known finding not just in money markets but across many asset

classes.2 What this means is that an investor can earn a small, positive excess return

1There are also important practical implications of this paper for the current reform efforts of tran-
sitioning away from LIBOR rates (a market with derivatives and cash market exposures to the tune of
USD 400 trillion). In the context of benchmark rate reform, derivatives such as futures and OIS linked to
the new risk-free overnight benchmarks, such as SOFR (US), ESTR (Eurozone), SONIA (UK), and TONA
(Japan), are seen as crucial in order to accomplish the transition. The main idea of current reforms is to rely
on transactions in these derivatives to construct so-called forward-looking term rates based on risk-free
overnight rates that can replace term rates such as 3-month LIBOR in financial contracts. See Schrimpf
and Sushko (2019) for further information.

2For money markets, these findings are consistent with prior research by Krueger and Kuttner (1996),
Söderström (2001), and Piazzesi and Swanson (2008). Gürkaynak, Sack, and Swanson (2007) survey the
predictive power of rates on FF futures, term deposits, T-bills, and commercial paper. They show that FF
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by going long a contract locking in the fixed, contract-implied short-rate today, while

paying the realized short-rate in the future. Such a position is essentially a hedge

against falling short-rates and will generate a positive return if interest rates decrease

during the lifetime of the contract. The rejection of the unbiasedness hypothesis for

FF futures in past research, has led to a consensus view that the EH does not hold

for money market derivatives due to the presence of countercyclical risk premia (e.g.

Piazzesi and Swanson, 2008).

The evidence presented in this paper challenges the consensus view. Drawing

on survey expectations about future short-rates (taken from the well-known Blue

Chip survey), we decompose the excess return to long FF futures and OIS positions

into 1) a term premium component, and 2) a component due to expectation errors.

In earlier work on the topic, expectation errors are implicitly assumed to be zero

on average by appealing to rational expectations. Our findings, by contrast, suggest

that expectation errors are crucial in understanding excess returns to money market

derivatives. We find that essentially all of excess returns to FF futures and OIS stem

from expectation errors, while term premia are negative on average and economically

small. Negative term premia make sense from a standard asset pricing perspective: a

long FF futures position has a high payoff when short-rates decrease, which normally

happens during bad times when central banks lower policy rates.

Intuitively, our findings imply that market participants over the past 30 years have

systematically underestimated how strongly the Federal Reserve (Fed) would cut

interest rates. As such, positive excess returns to OIS and FF futures arise from realized

overnight rates turning out to be lower than anticipated by market participants (either

in surveys, or embedded in OIS and FF futures). The evidence we provide for the

money market is supportive of recent findings and interpretations for Treasury bonds

by Cieslak (2018).

With these initial findings at hand, the remainder of the paper provides a better

understanding of why market participants have been prone to persistent “mone-

tary policy expectation errors” that did not average out over time. The systematic

short-rate expectation errors we document could be driven by different economic

mechanisms, such as a tendency by market participants to have systematically over-

estimated future inflation and/or underestimated future economic growth.3 Indeed,

our evidence points to conservatism in forecasts: when market participants get the

direction of interest rate changes right, they tend to “underpredict” the magnitude of

the interest rate move. Most noteworthy, we find these effects to be highly asymmetric

and much more pronounced for interest rate cuts as opposed to rate hikes. In line

futures provide the most accurate prediction for the short-rate. The most likely reason being that the rates
on other money market instruments reflect funding and liquidity premia (Duffee, 1996; Longstaff, 2000;
Nagel, 2016), while derivatives like FF futures do not.

3See Cieslak (2018) on the quantitative importance of different types of shocks in accounting for the
variation in expectation errors based on variance decompositions.
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with this asymmetry, we also find that expectation errors are much larger during

recessions while short-rate expectations are accurate in times of rising interest rates.

Crucially, our results suggest a tight link between expectation errors and monetary

policy itself. First, we show that expectation errors are significantly correlated with

deviations of policy rates from the rate a conventional Taylor rule would suggest.

Specifically, in episodes over the past 30 years when the short-rate was below the rate

implied by the Taylor rule, i.e. monetary policy was loose, survey and market-implied

expectations of future interest rates were “too high”. That is, market participants’

expectations seemed to conform with the implied short-term interest rate of a Taylor

rule, whereas actual rates turned out to be lower ex-post. Second, we show that

expectation errors and excess returns are significantly related to past stock market

returns: a drop in the stock market predicts higher money market excess returns

and an overestimation of future interest rates by survey participants (compared to

realized short-rates). We interpret this as evidence that poor stock market returns

preceded periods when the Fed eased more aggressively than what was expected by

market participants and what was embedded ex-ante in market prices. Importantly,

this finding is robust to controlling for either recessions or for the macroeconomic

variables suggested by Piazzesi and Swanson (2008), which are commonly employed

to capture countercyclical term premium variation. Moreover, our finding that stock

returns significantly predict money market excess returns holds both in-sample and

out-of-sample.

Our results indicate that expectation errors in money markets are linked to the

difficulties faced by market participants to figure out the central bank reaction func-

tion in an environment characterised by uncertainty.4 Looking more closely, we find

the link between stock market returns and subsequent expectation errors to be highly

asymmetric and entirely driven by negative stock market returns. This lends credence

to the interpretation that the Fed tended to lower rates to cushion the effect of severe

stock market declines (see e.g. Cieslak and Vissing-Jorgensen, 2017, on the so-called

“Fed put”). Such aggressive and asymmetric easing on the back of declining equity

prices and deteriorating financial conditions, however, came unexpectedly to market

participants as they seem to have been unaware of this element in the Fed’s reac-

tion function. The unanticipated decline in short-term rates, in turn, boosted excess

returns to money market derivatives.

Finally, we go beyond the US and test our main results in a panel of six major

4This view corroborates earlier work by Rudebusch (1995), who showed that deviations from the EH
reflect the manner in which the Fed controls the short-rate rather than time-varying term premia. Mankiw
and Miron (1986) were among the first to introduce this idea. They argue that while the expectation
hypothesis held before, the introduction of the Federal Reserve system in 1915 induced a random-walk
behavior in the short-rate that eliminated any predictable variation. Under this view, rejections of the EH
arise not because of irrational expectations or time-varying term premia, but reflects (at least partly) the
unpredictable manner in which the Fed controls the policy rate.
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currency areas: Australia, Canada, Eurozone, United Kingdom, Japan, and Switzer-

land. We find very similar results in this international sample: expectation errors

account for the bulk of excess returns to OIS contracts in the three currency areas with

available survey data (Eurozone, UK, Switzerland). Moreover, in all six currency areas,

we find that low stock returns predict higher excess returns on a long OIS position.

Rather than reflecting a pick-up in risk premia that investors would require ex-ante,

our evidence supports the expectation error view: market participants at the time did

not anticipate how aggressively central banks would ease policy in response to poor

equity returns and the worsening of financial conditions. This, in turn, led to windfall

profits for investors that held long positions in OIS contracts.

This view stands in sharp contrast to the prevailing interpretation; FF futures and

OIS signal expected returns, not changes in the overnight interest rate (e.g., Ludvigson

and Ng, 2009; Cochrane, 2011; Hamilton and Okimoto, 2011; Krishnamurthy and

Vissing-Jorgensen, 2011). In this view, business cycle indicators such as employment

growth, signal low consumption or high macroeconomic uncertainty, and through

this channel, high required returns on long positions in FF futures or OIS. Our finding

that term premia in FF futures and OIS are negative suggests a rather different in-

terpretation. Since FF futures and OIS are purely financial derivatives as opposed to

investment assets or funding instruments, we argue that any term premium variation

in these contracts shall not be interpreted as a compensation for holding a risky asset

in poor economic states, but reflects the price that hedging institutions are willing to

pay to insure themselves against future short-rate cuts.5

Related literature Our results relate to the literature using survey data to decom-

pose asset returns into portions attributable to term premia and expectation errors.

Studies such as Froot and Frankel (1989), Froot (1989) and Bacchetta, Mertens, and

Van Wincoop (2009) show that expectation errors play a key role in understanding

the drivers of excess returns in stocks, bonds, and foreign exchange markets. The

use of survey data in asset pricing studies is often criticized because surveys are

believed to be noisy and sensitive to interpretation (Cochrane, 2011). This notion

is however rejected by Gennaioli, Ma, and Shleifer (2016), who show that corporate

investments are well explained by survey data on CFOs’ expectations of earnings

growth, Greenwood and Shleifer (2014) who show that expectations of future stock

returns among retail investors are strongly correlated with inflows into mutual funds,

Bork, Møller, and Pedersen (2019) who show that household survey responses about

housing buying conditions strongly outperform several macroeconomic variables

typically used to forecast house prices, Egan, MacKay, and Yang (2020) who show that

the time-varying distribution of expected returns estimated from a model of realized

choices for ETFs correlate strongly with the survey expectations used by Greenwood

5In a similar vein, Ichiue and Yuyama (2009) also document negative term premia in FF futures and
suggest that they arise because returns have negative betas with the stock market.
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and Shleifer, and Giglio, Maggiori, Stroebel, and Utkus (2020) who show that beliefs

are reflected in portfolio allocations based on a survey of wealthy investors. For our

purpose, the Blue-Chip Financial Forecasts survey is an ideal source of expectations

data as the survey respondents consist of about 45 leading financial institutions who

are active participants in money markets (Stigum and Crescenzi, 2007).

Stripping out the expectation error component of FF futures and OIS using the

Blue-Chip survey confirms that term premia at the short end of the yield curve are

economically unimportant, which has implications for the expectations hypothesis

of the term structure of interest rates. While the EH is typically rejected for long-term

interest rates, evidence at the very short end of the term structure is mixed.6 Most

prominently, Longstaff (2000) shows that short-term repo rates with maturity up to

three months are nearly unbiased predictors of the short-rate. Della Corte, Sarno, and

Thornton (2008) expand this analysis and show statistical evidence against the EH for

an updated dataset of repo rates. However, performing an economic assessment of

this finding, they conclude that there are no tangible economic gains to an investor

who seeks to exploits departures from the EH. As such, they conclude that the EH

proves a reasonable approximation to the term structure of short-term interest rates,

consistent with Longstaff’s conclusion.

Roadmap The remainder of the paper is structured as follows. The next section

describes our return decomposition, the data employed in the empirical analysis,

and reports stylized facts about excess returns, term premia, and expectation errors.

Section 3.2 investigates the drivers of excess returns and their link to monetary policy.

Section 3.3 reports international evidence that expands our US results to other major

currency areas. Section 3.4 reports robustness, and Section 3.5 concludes.

3.1 Return Decomposition and Stylized Facts

3.1.1 Federal Funds Futures and Overnight Index Swaps

Federal funds (FF) futures started trading on the Chicago Board of Trade (CBOT) in

1988 and have since become popular for measuring market participants’ expecta-

tions of future short-rates. The contracts are highly standardized and designed to

hedge fluctuations in the US short-rate, the effective federal funds rate (EFFR). As an

example, a bank with surplus cash that lends it overnight in the federal funds market

will buy FF futures to hedge the risk that a falling short-rate reduces the interest

payments it earns.

6See, e.g., Shiller, Campbell, Schoenholtz, and Weiss (1983), Fama and Bliss (1987), Campbell and
Shiller (1991), Bekaert, Hodrick, and Marshall (1997), and Cochrane and Piazzesi (2005) on the EH in
long-term bonds.
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With FF futures, one party agrees to make payments based on a fixed rate while

another party makes payments based on the floating short-rate. Both the fixed and

floating leg payments are calculated based on a $5 million deposit: this amount is

never actually exchanged between the parties and simply used to compute the daily

payments made by each leg. Each day, the floating leg payment is calculated based on

the day’s overnight interest rate (the EFFR in the US), while the fixed leg payment is

calculated based on the constant rate negotiated at contract inception. On settlement

day, payments between the fixed and floating legs are exchanged.

We follow the literature and sample FF futures prices at the end of each month

to obtain series of fixed-horizon forecasts. Let f (n)
t denote the rate on a FF futures

contract as observed on the last business day of month t , where n = 1 indicates that

the contract settles over the next month, n = 2 for a contract settling in two months

and so forth. Importantly, FF futures are settled against variation in the short-rate

over the target month n and not the path of the rate from t to t +n. An investor who

has taken a long position in FF futures receives fixed payments and pays floating, and

at contract expiry earns the excess return,

r x(n)
t+n−1,t+n = f (n)

t − it+n , (3.1)

where it+n = 1/k
∑k

j=1 r j denotes the average short-rate over month t +n. Specifi-

cally, r j is the EFFR observed on day j , denoted as an annual percentage rate, and

k is the total number of days in the target month.7 In practice, the contract is cash

settled against a $5,000,000 notional on a 30/360 basis. As such, at maturity the

long investor earns or pays the amount $5,000,000×30/360× ( f (n)
t − it+n), where

30/360 converts the differential to a monthly rate based on the 30-day month and

360-day year convention of the federal funds futures market. In this paper, we follow

the literature and define the differential between the two annual percentage rates

(disregarding the notional and monthly conversion) as the "excess return".

No exchange-traded instruments similar to FF futures exists in other currency

areas. In this paper, we therefore also analyze OIS which have emerged as a popular

alternative to FF futures around the world.8 Like conventional LIBOR swaps, OIS are

traded over-the-counter and have various advantages over futures.9 First, while the

7The subscript on excess returns t +n −1, t +n further highlights that the excess returns is earned
against short-rate variation in a future time interval, and not from contract inception time t until expiry.

8For example, an OIS denominated in EUR uses the Euro Overnight Index Average (EONIA) as the
floating rate. An OIS denominated in GBP uses the Sterling Overnight Index Average (SONIA) as the floating
rate and so forth.

9While OIS are traded over-the-counter, they are generally regarded as free of counterparty credit risk
because of collateral requirements and netting, see Duffie and Huang (1996) and Sundaresan, Wang, and
Yang (2016). In the interdealer market, variation margin is standard (regulated by the CSA). This implies
that pricing is homogeneous across banks such that e.g. the OIS rate paid by JP Morgan will be the same as
that paid by Deutsche Bank.
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market for FF futures in the US is deep and highly liquid for maturities out to six

months, OIS trade with liquidity for maturities up to three years (Tuckman and Serrat,

2011). Second, OIS more granularly hedge the risk of rolling loans at the short-rate

because the accumulation of floating leg payments includes compounding.

Similarly to FF futures, an investor long OIS will receive the fixed swap rate and

pay floating based on variations in the short-rate. While FF futures settle against the

simple average short-rate over target month n, OIS settle against the compounded

path of the short-rate from contract inception t until maturity t +n, where interest

accrues over this interval on an actual/360 basis. Let f (t→n)
t denote the rate on an

OIS observed on the last day of month t , where the arrow indicates that the contract

settles against the path of short-rates from t to t +n, and let q be the number of days

in this interval.

At maturity, fixed and floating leg payments are exchanged. For a notional of

$5,000,000, the long OIS investor realizes the amount $5,000,000× (q/360× f (t→n)
t

−[
∏q

j=1(1+r j /360)−1]), i.e. the fixed leg pays simple interest while the variable leg rate

includes compounding. For comparability to FF futures, we move the conversion term

q/360 outside the parenthesis by multiplying the variable leg rate by the annualizing

factor 360/q . As such, we can define the excess return to OIS as the difference between

the annual percentage rate of the fixed and floating legs, where the latter rate is

compounded over the number of days in the contract q and subsequently annualized,

r x(n)
t ,t+n = f (t→n)

t − it ,t+n , (3.2)

where it ,t+n = [
∏q

j=1(1+ r j /360)−1]×360/q , r j is the short-rate on day j , and q

is the total number of days in the contract.

3.1.2 Decomposing Excess Returns

To conserve space, we standardize the notation for FF futures and OIS. Let it+n denote

the floating leg rate for both FF futures and OIS on an annual basis. For FF futures,

it denotes the simple average short-rate in month n. For OIS, it is the compounded

short-rate from t to t +n. Further, f (n)
t and r x(n)

t+n are the quoted rate and excess

return, respectively, to either a FF futures settling in month n, or an OIS settling from

t to t +n. By now isolating for the fixed leg rate and taking conditional expectations,

f (n)
t = Et [it+n]︸ ︷︷ ︸

EH term

+ Et [r x(n)
t+n]︸ ︷︷ ︸

term premium

, (3.3)

it is evident that the fixed leg rate for both FF futures and OIS consists of market

participants’ expectation of future short-rates, the EH term, plus a maturity-specific
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term premium. For FF futures, this EH term is the simple average of the overnight

rate in the specific target month n, while for OIS this term captures the geometric

average overnight rate from inception t to contract maturity t +n. Similarly, the term

premium is the expected excess return to be earned over month t +n for FF futures

and from t to t +n for OIS. To conserve space, we apply this simplified notation

throughout the remaining paper, but emphasize that it refers to different quantities

for FF futures and OIS.

It is commonly believed that FF futures and OIS are biased upwards relative to fu-

ture short-rates because of time-varying term premia in Eq. (3.3). This view implicitly

presupposes that market participants have full information and rational expecta-

tions (FIRE assumption), such that any predictive information from macroeconomic

variables about future excess returns reflects variation in investors’ required risk

compensation. To see this, substitute the FF futures or OIS rate into the expression

for realized returns and re-arrange,

r x(n)
t+n = Et [it+n]+Et [r x(n)

t+n]− it+n , (3.4)

=Et [it+n]− it+n︸ ︷︷ ︸
expectation error

+ Et [r x(n)
t+n]︸ ︷︷ ︸

term premium

, (3.5)

Under the assumption that market participants do not make systematic errors in

their forecast of the short-rate, Eq. (3.5) shows that realized excess returns earned over

the contract life must, on average, be attributed to term premia, which market par-

ticipants were requiring at contract inception (time t ). This assumption, however, is

neither innocuous nor in line with evidence on investor short-rate expectations (e.g.,

Guidolin and Thornton, 2018; Cieslak, 2018) or recent research on how expectations

about macroeconomic variables are formed (e.g. Coibion and Gorodnichenko, 2015).

To the extent that errors in the expectation of short-rates play a role, it contributes to

excess returns by an amount which is unexpected at the time when the contract is

signed. To see this, move the term premium in Eq. (3.5) to the left-hand side,

r x(n)
t+n −Et [r x(n)

t+n]︸ ︷︷ ︸
unexpected return

= Et [it+n]− it+n︸ ︷︷ ︸
expectations error

, (3.6)

Eq. (3.6) shows that any difference between the future realized excess return and

the ex-ante term premium, the unexpected return, is explained by short-rates being

different from what market participants had expected them to be. More specifically,

market participants earn unexpectedly high returns when short-rates turn out to be

lower than expected.
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We use survey data to study expectation errors’ role in excess returns. To measure

market participants’ short-rate expectations, we use interest rate forecasts from the

Blue-Chip Financial Forecast survey.10 In the Blue-Chip survey, experts from about 45

financial institutions are asked to predict the average, as opposed to end-of-period,

value of the federal funds rate over different future horizons. As such, St denotes the

survey expectation of the simple average short-rate from t to t +n, where n = 3,6,9

and 12 months.

Consider first excess returns to OIS from Eq. (3.2) but with the simplified notation

introduced earlier in this section. Because the forecast horizons in Blue-Chip match

with those of OIS, we can decompose excess returns by simply adding and subtracting

the survey expectation from the right-hand side of the Eq. (3.2) and re-arranging,

r x(n)
t+n = S(n)

t − it+n︸ ︷︷ ︸
expectation error

+ f (n)
t −S(n)

t︸ ︷︷ ︸
term premium

, (3.7)

which is the survey-based version of the decomposition in Eq. (3.5) for OIS. Specif-

ically, ER(n)
t+n = S(n)

t − it+n is the expectation error and defined as the difference be-

tween the survey forecast of the short-rate formed at time t , and the subsequent

short-rate realization from t to t+n (where the latter includes compounding). Further,

TP(n)
t = f (n)

t −S(n)
t measures the term premium in OIS and is equal to the amount with

which the time t market rate deviates from expected short-rates over the contract

horizon. Importantly, because it is based on short-rate realizations over the forecast

horizon, the expectation errors component is not known fully until time t +n. On the

other hand, the term premium is priced in at the inception of the OIS contract and

therefore known at time t .11

While OIS settle against the path of the short-rate, FF futures settle against the

short-rate in a specific future month. To match with the survey forecast horizons, we

therefore average across the futures rates. For the three months horizon, we average

10Blue-Chip Financial Forecasts are from Wolters Kluwer Legal and Regulatory Solutions. The survey
is conducted monthly and responses are collected during the last week of each month and published
on the first business day of the following month. For this reason, we treat the forecasts published in a
given month as the end-of-month expectation of the prior month. Because the forecast horizons are not
constant in each edition of the survey, we linearly interpolate the responses to get time series of fixed
horizon forecasts.

11We note that Blue-Chip surveys forecast the arithmetic average EFFR and does not accurately match
the compounding that takes place in an OIS. In appendix A.2 we show that results are essentially unchanged
when assuming that the survey rate is compounded over the contract’s life (term premia deviate from
estimates in Table 3.1 by about half a basis point across all maturities). However, as the expectation of a
compounded variable is not the same as the compounded expectation, we proceed by using unadjusted
surveys for OIS in the main paper. This introduces are small bias, but since the resulting term premia and
forecast error estimates for OIS in Table 3.1 are of similar magnitude to those for FF futures (where there is
no issue with compounding), it is evident that the difference between simple and compounded overnight
rates is negligible and does not alter conclusions.
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the time t futures contracts that expire in months n = 1, ...,3. For the six month

horizon, we average the time t futures contracts that expire in months n = 1, ...,6.

We denote these averages as f
(n)
t = 1

n

∑n
i=1 f (i )

t , where n = 3 or 6 months, and the

subsequent average excess returns as,

r x(n)
t+n = f

(n)
t − it+n , (3.8)

where the overline, r x(n)
t+n , highlights that this FF futures excess return is earned

against the short-rate from t to t +n, while it+n is the simple average short-rate

realization over that horizon.12 As before, we can decompose average excess returns

to FF futures into expectation errors and term premia by adding and subtracting the

survey expectation S(n)
t from the right-hand side of Eq. (3.8) and re-arranging,

r x(n)
t+n = S(n)

t − it+n︸ ︷︷ ︸
expectation error

+ f
(n)
t −S(n)

t︸ ︷︷ ︸
term premium

, (3.9)

such that excess returns consist of measurable short-rate expectation errors and a

time t term premium.

Interpretation. Comparing the expressions based on unconditional averages in

Eqs. (3.7) and (3.9) to the conditional expression in Eq. (3.5), highlights the stylized

fact that unconditionally non-zero excess returns can only come from 1) non-zero

term premia (the focus of most of the extant literature), or 2) systematic expectation

errors (the focus of our paper). In other words, for expectation errors to matter for

average excess returns, these errors must be systematic such that they do not average

to zero even over long sample periods. A key part of our empirical analysis below is

to test whether there are systematic patterns in monetary policy that allow for such

non-zero expectation errors in a persistent fashion.

Caveats. Our approach to decomposing excess returns using surveys corroborates

earlier work such as Durham (2003), Peacock (2004) and Gameiro et al. (2006). The

obvious critique of our methodology is, like this previous literature, its assumption

that survey forecasts accurately track short-rate expectations of market participations.

First of all, surveys provide a measure of average expectations and might not necessar-

ily reflect the expectation of the marginal investor that is relevant for the given market

prices. Further, surveys and market rates may differ for other reasons such as mea-

surement errors due to differences in information sets and the precise timing of when

12This average futures return is equivalent to the return to OIS of the same maturity, except the
difference in short-rate compounding.
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various participants may prepare their responses (Kim and Orphanides, 2012).13 In

a related paper, Ichiue and Yuyama (2009) extract term premia in FF futures under

the assumption that Blue-Chip surveys forecasts are inefficient. As such, they argue

that the forecasts deviate from rational expectations because of strategic behavior

of the professional forecasters who comprise the survey respondents. Specifically,

they assume that survey forecasts are inertial and adjust only slowly towards market

expectations, which they argue is due to strategic behavior targeted towards manip-

ulating reputations of forecasting ability along the lines of Ehrbeck and Waldmann

(1996).14 The authors then use a partial adjustment model to control for inertia of

survey forecasts when computing term premia, and arrive at estimates similar to

those found in this paper.

We acknowledge that our survey data most likely diverge from true market expec-

tations by some error. As such, we should be careful to strictly label the discrepancy

between market rates and survey expectations in Eqs. (3.7) and (3.9) as rational term

premia. Nonetheless, the main point of using survey data is not to study term premia,

but to highlight the tight relation between survey expectation errors and market

excess returns. As such, the stated concerns are less important than if the purpose

was to estimate term premia as accurately as possible and we therefore proceed by

relying on unadjusted surveys as a means to gauge market participants’ short-rate

expectations.

3.1.3 Survey Data Evidence

Table 3.1 presents estimates of the size and significance of excess returns, term premia,

and expectation errors in FF futures and OIS. We obtain historical FF futures prices

from the Chicago Mercantile Exchange (CME).15 FF futures have been traded since

October 1988, but we exclude the first two years from our sample due to infrequent

trading. We report results for excess returns on contracts with maturities n = 1, ...,6

months, as well as the average excess returns over three- and six-months defined in

Eq. (3.8). OIS rates are from Bloomberg and are available for the US since December

2001. We focus on contracts with maturities n = 3,6,9, and 12 months to match survey

forecast horizons. Finally, data on the short-rate, the daily EFFR, is from the Federal

Reserve Bank of New York.

Panel A of Table 3.1 shows that mean excess returns to FF futures and OIS are

in the range of 2.5 to 3.9 monthly basis points and statistically significant across all

maturities. In Panel B we decompose excess returns into term premia and expectation

13In our case, we sample futures and OIS prices at the end of the each month while the survey is
typically conducted during the last week of the month. In terms of forecast accuracy, this gives a small
advantage to market forecasts over the survey.

14In other words, some survey respondents may face payoff structures that provide incentives to
produce forecasts that do not minimize squared forecast errors.

15FF futures originally started trading on the CBOT which was merged with the CME in 2007.
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Table 3.1: Decomposing Excess Returns to Federal Funds Futures and Overnight Index Swaps. In Panel A of Table 3.1, we estimate the average excess return on FF futures and OIS by
regressing excess returns on a constant. We report coefficient estimates, standardized into monthly basis points for comparability across contract maturities by dividing by horizon n. For
average returns to FF futures, we follow Eq. (3.8) before dividing by n. We report t-statistics with standard errors, computed using a block bootstrap with the block length determined according
to Politis and White (2004) and Patton, Politis, and White (2009), as well as annualized Sharpe ratios. In Panel B, we provide a decomposition of excess returns into expectation errors and
term premia following Eqs. (3.7) and (3.9). These numbers are also reported as monthly basis points. Finally, in Panel C, we perform a simple variance decomposition to test how much
excess return variance is attributed to expectation errors and term premia, respectively. For FF futures, we compute the contribution of expectation errors to the variance of excess returns as
cov

(
r xt+n ,ERt+n

)
/var (r xt+n ), where r xt+n is the average excess return to FF futures of maturity n = 3 and 6 months, and ERt+n is the expectation error over the same horizon. We compute

the contribution of term premia to excess returns as cov(r xt+n ,TP(n)
t )/var (r xt+n ), with term premia TP(n)

t from Eq. (3.9). We perform equivalent computations for OIS data, but we leave out
the notation here to conserve space. The sample for FF futures is 1990:11 – 2018:11 and the sample for OIS is 2001:12 – 2019:07.

Federal Funds Futures Overnight Index Swaps

Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

Panel A: Mean Estimates

Excess Returns 2.50 2.90 3.13 3.39 3.61 3.88 1.97 2.03 1.19 1.26 1.36 1.49
(4.32) (3.76) (2.76) (2.66) (2.62) (2.61) (3.57) (2.77) (2.06) (1.52) (1.51) (1.54)

Sharpe Ratio 0.91 0.83 0.73 0.67 0.62 0.60 0.74 0.60 0.51 0.44 0.41 0.38

Panel B: Decomposing Excess Returns

Expectation Errors 2.33 2.05 1.98 1.67 1.74 1.89
(2.82) (2.53) (2.64) (1.92) (1.89) (2.01)

Term Premia -0.36 -0.02 -0.79 -0.41 -0.37 -0.40
(-1.01) (-0.09) (-2.91) (-1.66) (-1.55) (-1.67)

Panel C: Variance Decomposition

Expectation Errors 1.07 1.02 1.13 1.00 0.96 0.95
Term Premia -0.07 -0.02 -0.13 0.00 0.04 0.05
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errors. The average expectation error is positive and statistically significant at almost

all maturities which, following Eq. (3.5), shows that market participants systematically

expect higher short-rates than realized. Interestingly, while expectation errors are

positive, term premia are slightly negative across all maturities. Finally, Panel C shows

how much excess return variation is explained by expectation errors and term premia,

respectively, using a simple variance decomposition explained in the table text. This

exercise confirms that expectation errors account for basically all of the excess return

variation. Taken together, the findings in Table 3.1 do not support the notion that FF

futures and OIS are biased predictors of future short-rates because of positive term

premia. By contrast, while term premia are small and slightly negative, excess returns

arise because market participants expect higher short-rates than realized over our

sample.

Figures 3.1 and 3.2 plot excess returns against contemporaneous expectation

errors and confirm their tight link established in Table 3.1. Further, there are two

distinct patterns to be seen from the figures: first, a significant decrease in the size and

variability of excess returns and expectation errors has taken place during the 1990s,

which is documented in the literature and attributed to the Fed taking deliberate steps

towards becoming more transparent in its communication.16 Second, the predictive

accuracy of market participants deteriorated at the beginning of 2001 where expecta-

tion errors and excess returns spiked. This change coincides with an NBER recession

period, and interestingly, the same also happened during the 2008 recession where

expectation errors and excess returns strongly increased again. This indicates that

following the Fed’s move towards greater transparency, excess returns to FF futures

and OIS are highly state-dependent and only significant during economic downturns.

We provide formal tests of this in the following section.

16See Poole, Rasche, and Thornton (2002), Lange, Sack, and Whitesell (2003) and Swanson (2006).
Increased monetary policy transparency has clear economic benefits, as by clearly communicating its
current and future policy actions, a central bank can affect market participants’ expectation for the future
short-rate, and through this channel, affect the longer-term rates that matter the most for the economy
(Woodford, 2005).
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Figure 3.1: Excess Returns to Federal Funds Futures and Expectation Errors. The figure shows excess returns to FF fu-
tures from Eq. (3.8) together with contemporaneous expectation errors from the decomposition Eq. (3.9). Survey data is
from Blue-Chip Financial Forecasts. The series are plotted with National Bureau of Economic Research (NBER) recession
periods in grey shading. All series are in monthly basis points, and the sample is 1990:11 – 2018:11.
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Figure 3.2: Excess Returns to Overnight Index Swaps and Expectation Errors. The figure shows excess returns to OIS
from Eq. (3.2) together with contemporaneous expectation errors from the decomposition Eq. (3.7). Survey data is from
Blue-Chip Financial Forecasts. These series are plotted with National Bureau of Economic Research (NBER) recession
periods in grey shading. All values are denoted in monthly basis points, and the sample is 2001:12 – 2019:07.
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3.1.4 Excess Returns During Recessions and Expansions

In this section we estimate mean excess returns to FF futures and OIS during eco-

nomic recessions and expansions. The analysis is motivated by studies such as Hamil-

ton (1988), Gray (1996), and Ang and Bekaert (2002) who show that interest rates are

more persistent in expansions than in recessions and that two-state models describe

interest rate dynamics more accurately than single-state models. For our purpose, we

focus on excess returns rather than the short-rate. Because of the gradual increase in

central bank transparency during the early part of our sample, we focus this analysis

on data after the 1990s.17

Table 3.2: Mean Excess Returns: Recessions Versus Expansions. The table reports the average excess returns during
recessions and expansions following the National Bureau of Economic Research (NBER) recession indicator. We report

coefficients from the regression, r x(n)
t+n =αEXP×δ{NBERt 6=1}+αREC×δ{NBERt =1}+εt+n , where r x(n)

t+n is the excess return

to FF futures of maturity n = 1, ...,6 months or to OIS of maturity n = 3,6,9, and 12 months. αREC is the estimated coeffi-
cient for a variable that takes the value 1 in recessions and zero otherwise.αEXP is the estimated coefficient for a variable
that takes the value 1 whenever the economy is expanding and zero otherwise. t-statistics are computed using a block
bootstrap with the block length determined according to Politis and White (2004) and Patton et al. (2009). Coefficient
estimates are denoted in monthly basis points. The sample for FF futures is 1999:05 – 2018:11, and the sample for OIS is
2001:12 to 2019:07.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

αEXP 0.53 0.66 0.72 0.83 0.90 1.01 0.47 0.55 0.40 0.36 0.39 0.68
(1.38) (1.40) (1.23) (1.19) (1.12) (1.08) (1.42) (1.29) (1.54) (1.47) (1.18) (1.42)

Sharpe Ratio 0.39 0.42 0.36 0.31 0.28 0.27 0.37 0.29 0.52 0.34 0.25 0.25

αREC 10.20 14.08 16.43 18.14 19.55 21.15 9.55 10.72 9.56 10.64 11.38 9.70
(7.98) (9.17) (9.91) (10.16) (9.89) (9.47) (9.82) (9.70) (10.70) (12.38) (11.46) (6.59)

Sharpe Ratio 1.98 1.84 1.91 2.04 2.21 2.50 1.72 2.15 1.51 1.77 2.52 2.36

Table 3.2 shows results from regressing excess returns on an NBER dummy and

testing for mean significance. For both FF futures and OIS, average excess returns

in recessions are large (up to 21.15 monthly basis points) and strongly significant.

However, when excluding recessions, excess returns are as low as 0.36 basis points per

month and not statistically significant at any maturity.18 This simple exercise shows

that the bias in FF futures and OIS appears to be driven exclusively by recession

periods. In the following section, we provide an explanation for why that is the case.

3.2 What Drives Expectation Errors?

In this section, we explore why market participants were surprised by monetary policy

actions. We relate the rates on FF futures and OIS to future realizations of short-rates

17We start the sample for FF futures in May 1999, after which the FOMC started releasing press
statements following each meeting. Admittedly, the choice of exact cutoff date for FF futures is somewhat
arbitrary, given the gradual, rather than abrupt, improvement in FOMC transparency. Since OIS data did
not become available before 2001, we use the full sample of OIS observation for this exercise.

18Table A.3 in the appendix shows that these results are not driven by the zero-lower bound period.
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by re-arranging the terms in either Eq. (3.3) and arrive at the classical Mincer and

Zarnowitz (1969) forecast evaluation equation,

it+n =α+β f (n)
t +εt+n , (3.10)

where f (n)
t is the FF futures or OIS rate observed at time t with settlement t +n

and it+n is the future short-rate realization. Here, f (n)
t is an unbiased and efficient

forecast of future short-rates when α,β = 0,1, which in turn is strong evidence in

favor of the EH. Because of stationarity issues when testing hypotheses about the

short-term interest rate, we subtract the level of the short-rate from both sides of the

equation,

it+n − it =α+β
(

f (n)
t − it

)
+εt+n , (3.11)

so as to relate realized and predicted changes in the short-rate. Eq. (3.11) is equiv-

alent to the classical Campbell and Shiller (1991) short-rate regression used to test

if spreads between long-term and short-term Treasury bond yields predict future

changes in short-term rates. Before presenting evidence from Eq. (3.11), we plot the

predicted and realized short-rates in the prediction-realization diagram. Originally

introduced by Theil (1961), the diagram gives a visual impression of how well market

participants have predicted the direction of change (increase or decrease), as well as

the magnitude of the change (how large of an increase or decrease).

Predicting the Direction of the Short-Rate Consider first the cases when short-

rates are correctly predicted to increase or decrease. If we take the 6-months ahead FF

futures contract as an example, we see that 93.1% of short-rate increases are correctly

predicted by market participants. Table A.4 in the appendix provides a summary of

these numbers. These are the observations in the upper-right quadrant. Meanwhile,

only 52.6% of short-rate decreases are correctly predicted at this horizon (observations

in the lower-left quadrant). The flip-side is that almost half (47.4%) of short-rate cuts

were unexpected by market participants six months before they occurred (lower-right

quadrant). Quite strikingly, there are many more observations in the lower-right

quadrant than in the upper-left quadrant, revealing that while short-rate hikes have

been fairly easy to predict, cuts of short-term interest rates, by contrast, have been

much harder to forecast and especially so far in advance.

Predicting the Size of Short-Rate Changes Whether market participants are able

to anticipate how large changes in short-rates will be is another important aspect

of forecast evaluation. Consider the two diagonal quadrants; here, the diagonal line,

called the Line of Perfect Forecast (LPF), helps us understand whether, when market
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Figure 3.3: Prediction-Realization Diagram: Federal Funds Futures. The figure plots the time t +n realized short-rate
change together with its time t predicted value from FF futures. The realized change, it+n − it , is the difference between

the short-rate in month t +n less its value in base month t . The predicted value is f (n)
t − it , where f (n)

t is the rate on an
FF futures with maturity n. Blue dots are correctly predicted directions (short-rate increase/decrease), while red dots are
when short-rates increase when market participants expect a decrease and vice versa. The dotted line is the regression
line from Eq. (3.11) using all observations. All series are denoted in basis points, and the sample is 1990:11 to 2018:11.
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Figure 3.4: Prediction-Realization Diagram: Overnight Index Swaps. The figure plots time the t +n realized short-rate
change together with its time t predicted value from OIS. The realized change, it+n − it , is the difference between the

average short-rate from t to t +n less its value in base month t . The predicted value is f (n)
t − it , where f (n)

t is the rate
on an OIS with maturity n. Blue dots are correctly predicted directions (short-rate increase/decrease), while red dots are
when short-rates increase when market participants expect a decrease and vice versa. The dotted line is the regression
line from Eq. (3.11) using all observations. All values are denoted in basis points, and the sample is 2001:12 – 2019:07.
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participants correctly predict the direction of the short-rate, they over- or under-

estimate the magnitude of the change. For the upper-right quadrant, we see more

observations above the LPF than below. Thus, market participants tend to underesti-

mate how large short-rate hikes will be. Similarly, we see more observations below the

LPF in the lower-left quadrant, meaning that they also underestimate the magnitude

of short-rate cuts.19

Figures 3.3 and 3.4 also show that many observations are far below the LPF in the

lower-left quadrant; these are cases when market participants grossly underestimate

the size of short-rate cuts. For this reason, Table A.5 in the appendix counts how

many times a change is underestimated by 100 bps. This analysis reveals that even

though market participants correctly predict that a rate cut is taking place, they are

19At this stage, it is important to note that rather than seeing this initial finding as evidence against
rational expectations, underestimation of changes is commonly observed in the literature on forecast
evaluation and seen as a natural tendency among forecasters to be conservative in their predictions of the
future. See Mincer and Zarnowitz (1969): "A systematic and repeatedly observed property of forecasts is the
tendency to underestimate changes (...) underestimation of changes is a property of unbiased and efficient
forecasts of changes, or, what is equivalent, of unbiased and efficient forecasts of levels in which all of the
extrapolative information contained in the base has been exploited."
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often surprised by how large that cut turns out to be. For the longest maturity FF

futures and OIS, the number of times that market participants underestimate rate

cuts by 100 bps is 25.6% and 21.2%, respectively. Meanwhile, market participants

never underestimate short-rate hikes by more than 100 bps.

Altogether, these results show a remarkable asymmetry in short-rate predictability:

while rate hikes are easy to predict well in advance, cuts are more commonly unantic-

ipated by market participants. Further, even when market participants anticipate a

cut, its magnitude of often underestimated by a large amount. In the remainder of

the paper, we investigate possible causes for this discrepancy.

3.2.1 Regression-Based Tests of the Expectations Hypothesis

This section formalizes the conclusions from the previous section. To quantify the

predictive content of FF futures and OIS for future short-rates, we estimate an aug-

mented version of Eq. (3.11) that allows coefficients to be different depending on

whether the money market curve is upwards sloping or inverted. Furthermore, we

also test the curve’s predictive information for future excess returns. Following Eq.

(3.3), if future excess returns reflect risk premia, the slope of the FF futures and OIS

curve should predict excess returns with a positive and significant coefficient.20 For

both derivatives instruments, we estimate the system,

it+n − it =α+βPOS
(

f (n)
t − it

)++βN EG
(

f (n)
t − it

)−+εt+n (3.12)

r x(n)
t+n =α+βPOS

(
f (n)

t − it

)++βN EG
(

f (n)
t − it

)−+εt+n , (3.13)

where it+n − it is the realized change in short-rates, either over month t +n or from t

to t +n depending on whether the predictor is FF futures or OIS. Further, r x(n)
t+n is

the realized excess return to either of these contracts. The main predictor, f (n)
t − it ,

captures the slope of the FF futures or OIS curve at time t . Finally, the superscript

"+" indicates that the series contains all positive slope observations and takes the

value zero otherwise, while "−" shows that the series contains all negative slope

observations and takes the value zero otherwise.21

Panel A of Table 3.3 reveals the predictive information embedded in the term

structure of FF futures and OIS for future short-rate changes by estimating Eq. (3.12).

First, the high regression R2 statistics, up to 70%, show that the slope of the money

market term structure is highly informative about future short-rates. The estimated

coefficients on both the positive curve, βPOS, and the negative curve, βNEG, are pos-

itive and statistically significant. As such, FF futures and OIS are strong predictors

20Following Fama and Bliss (1987), when the slope of the yield curve varies over time, it must either
forecast future short-rates, excess returns, or a combination of the two.

21In Table A.6 in the appendix, we present results from running the basic EH regression (3.11) without
accounting for asymmetry.
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Table 3.3: Information in the FF Futures and OIS Curves (Positive versus Inverted). The table presents coefficient estimates and hypothesis tests from the short-rate and return regressions

Eqs. (3.12) and (3.13) where it+n − it is the future short-rate change either over month t +n of from t to t +n, r x(n)
t+n is the realized excess return, and f (n)

t − it is the time t FF futures or OIS
curve. Finally, the superscript "+" indicates that the series contains all positive slope observations and takes the value zero otherwise, while "−" shows that the series contains all negative
slope observations and takes the value zero otherwise. Regression estimates in Panel A show the average short-rate change at time t +n conditional on the slope of the FF futures or OIS curve
observed at time t . We test both for significance of slope coefficients (β= 0), as well as efficiency in predicting the short-rate (β= 1). Panel B shows the average excess return conditional on the
slope of the FF futures or OIS curve, and here we test for the significance of the slope coefficients (β= 0). The sample for FF futures is 1990:11 to 2018:11 and 2001:12 to 2019:07 for OIS.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

Panel A: Short-Rate Predictability

βPOS 0.93 1.02 1.08 1.10 1.09 1.08 1.06 1.10 1.12 1.18 1.20 1.15
t(β=0) (12.35) (11.35) (9.27) (7.82) (6.58) (5.62) (10.66) (7.88) (7.26) (5.95) (5.19) (4.42)
t(β=1) (-0.90) (0.25) (0.70) (0.72) (0.53) (0.41) (0.56) (0.74) (0.80) (0.92) (0.87) (0.58)

βN EG 1.09 1.33 1.45 1.51 1.55 1.56 1.33 1.48 1.16 1.32 1.57 1.91
t(β=0) (18.81) (15.81) (12.14) (9.28) (7.56) (5.98) (14.76) (9.35) (10.82) (7.79) (6.32) (5.66)
t(β=1) 1.61 (3.95) (3.78) (3.15) (2.69) (2.15) (3.69) (3.03) (1.47) (1.85) (2.29) (2.70)

R2 0.70 0.72 0.69 0.64 0.59 0.52 0.74 0.66 0.68 0.63 0.60 0.57

Panel B: Excess Return Predictability

βPOS 0.07 -0.02 -0.08 -0.10 -0.09 -0.08 -0.06 -0.10 -0.12 -0.18 -0.20 -0.15
t(β=0) (0.92) (-0.27) (-0.70) (-0.71) (-0.54) (-0.40) (-0.58) (-0.73) (-0.81) (-0.90) (-0.87) (-0.57)

βN EG -0.09 -0.33 -0.45 -0.51 -0.55 -0.56 -0.33 -0.48 -0.16 -0.32 -0.57 -0.91
t(β=0) (-1.61) (-3.92) (-3.80) (-3.21) (-2.66) (-2.17) (-3.69) (-3.00) (-1.46) (-1.85) (-2.32) (-2.73)

R2 0.01 0.08 0.11 0.10 0.08 0.06 0.09 0.10 0.03 0.06 0.10 0.14
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of short-rates, and they do so with the correct sign irrespective of the shape of the

curve. Next, we also test for forecast efficiency by drawing on the classical Mincer and

Zarnowitz (1969) test of the slope coefficient being equal to one. Across the maturity

spectrum, we cannot reject the null βPOS = 1 for coefficients on upward-sloping

curves. Thus, both FF futures and OIS are efficient predictors of future short-rates

increases. Meanwhile, the coefficients on negative curves are significantly different

from one for almost all maturities. For example, the coefficient for the 6-months

FF futures is βNEG = 1.56. The economic magnitude indicates that the decline in

realized short-rates after six months, 1.56% on average, is much larger than what the

6-months FF futures spread would have predicted (a 1% decline). For the 12-month

OIS, the underestimation is even larger. Here, the estimated coefficient is βNEG = 1.91,

meaning that one year ahead short-rate cuts are almost twice as large as predicted.

As such, these regressions confirm the conclusions from the last section, namely

that market participants over our sample systematically underestimated the size of

short-rate cuts, and the more so the longer the forecast horizon.

Finally, in Panel B, we test the predictive power of FF futures and OIS for future

excess returns by estimating Eq. (3.13). Here, the estimated coefficients do not follow

the pattern one would expect to see under the risk premium story. While upward-

sloping FF futures and OIS curves provide no information about future excess returns,

inverted curves predict future excess returns with a significant and negative coeffi-

cient. Following Eq. (3.3), this coefficient should have been positive if excess returns

were due to term premia. Further, because the curve must predict either future short-

rates, excess returns, or a combination of the two, the estimated slope coefficients

for short-rates and excess returns must sum to one. For example, as the 6−months

FF futures rate underestimates short-rate declines with a coefficient of βPOS = 1.56,

it subsequently predicts future excess returns with a coefficient of βNEG =−0.56. As

such, these findings suggest that any excess return predictability from the FF futures

and OIS curves cannot be attributed to term premium fluctuations, but because

market participants systematically underestimated by how much short-rates actually

declined over the sample.

3.2.2 Unexpected Returns and the Taylor Rule

A possible explanation for why the large short-rate declines over the sample were

unanticipated, is that the Fed has set interest rates in a way that was not consis-

tent with the reaction function perceived by market participants. While historical

transcripts from FOMC meetings suggest that by the late 1980s the committee had

begun using the federal funds rate as a policy instrument in the sense of a Taylor

type rule (Thornton, 2006), studies show that the Fed has also paid attention to other

economic variables over time (e.g., Christiano, Eichenbaum, and Evans, 1994; Cieslak

and Vissing-Jorgensen, 2017). This suggests that the actual policymaker reaction
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function is unlikely to be time-invariant, but may at times include variables other

than those featuring in common monetary policy rules.

As an example of this, the former President of the Federal Reserve Bank of New

York, William C. Dudley remarked the following: “The importance and complexity of

financial conditions also underscore the need for caution in following any mechanical

monetary policy rule. For example, the most well-known rule — the Taylor Rule — does

not explicitly take financial conditions into account in terms of its monetary policy

prescription. In that rule, the federal funds rate depends only on the deviations of

output from its potential and inflation from the Federal Reserve’s two percent objective,

and on the level of the real short-term interest rate consistent with a neutral stance of

monetary policy. Because the interactions can shift between financial conditions and

the economic outlook — as well as between financial conditions and the federal funds

rate — the absence of financial conditions in this rule can cause it to perform poorly as

a guide for monetary policy.” 22

In this section, we explore in which periods the Fed has deviated from the con-

ventional Taylor rule when setting monetary policy, and if these periods coincide

with times of high excess returns and expectation errors. Since reaction functions are

not directly observable, we shed light on this issue by the following approach. We

first estimate a benchmark Taylor rule, and subsequently compute the deviation of

the actual short-rate from its model-implied level (“Taylor rule deviation”). We then

test if this Taylor rule deviation is significantly correlated with excess returns and

survey-based expectation errors.

In each period, we estimate the level of the short-rate as a function of current

unemployment and inflation,

î Taylor
t+n =αt+n +βt+nut+n +γt+nπt+n +εt+n , (3.14)

where ut+n is the unemployment rate and πt+n is rate of inflation. The setup

is different from a classical Taylor rule in two respects: first, we follow Evans et al.

(1998) and use unemployment rather than GDP growth, as the former is observed

on a higher frequency. Second, instead of assuming a structural relation between

fundamentals to the short-rate, we estimate Eq. (3.14) recursively using an expanding

window of observations, with the first estimation window containing ten years of

historical data.23 To quantify if monetary policy is easy or tight relative to the Taylor

rule, we subtract the current short-rate from the rate suggested according to the rule,

22The speech is available at: https://www.newyorkfed.org/newsevents/speeches/2017/dud170330.
23As shown by Orphanides (2001), not accounting for publication lag and data revisions in macroeco-

nomic time series can significantly impact the results from the Taylor model. To this end, we use seasonally
adjusted vintage data for unemployment and inflation, computed as the year-on-year growth in the CPI
index (excluding food and energy prices) from the ALFRED database.

https://www.newyorkfed.org/newsevents/speeches/2017/dud170330
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Table 3.4: Taylor Rule Deviations and Unexpected Returns. The table reports correlations between Taylor rule devia-
tions, excess returns, and expectation errors, as well as p-values for correlation being different from zero. The first row
shows the correlations between Taylor rule deviations from Eq. (3.15) and excess returns to FF futures and OIS. The aver-
age excess return to FF futures is computed following Eq. (3.8). The second row reports correlations between Taylor rule
deviations and the component of excess returns attributable to expectation errors from Eqs. (3.7) and (3.9). The sample
for FF futures is 1990:11 to 2018:11, and for OIS, it is 2001:12 to 2019:07.

Federal Funds Futures Overnight Index Swaps
n = 3 6 3 6 9 12

ρ

(
ψ

Taylor
t+n ,r x(n)

t+n

)
0.19 0.30 0.06 0.13 0.21 0.25

[0.00] [0.00] [0.38] [0.07] [0.00] [0.00]

ρ

(
ψ

Taylor
t+n ,ER(n)

t+n

)
0.28 0.41 0.19 0.28 0.37 0.40

[0.00] [0.00] [0.01] [0.00] [0.00] [0.00]

ψ
Taylor
t+n = î Taylor

t+n − it+n , (3.15)

As such, this Taylor rule deviation ψTaylor
t+n is high in periods when the short-rate

falls below the level implied by the Taylor rule.24

Table 3.4 reveals a tight relation between the Taylor rule deviation and both excess

returns and expectation errors. The first row of the table shows the contemporaneous

correlation between Taylor rule deviations and excess returns to FF futures and OIS.

The correlations with excess returns are large and statistically significant. This is

especially true for longer maturity contracts, where the correlation reaches up to

30%. The positive correlation confirms that excess returns and expectation errors are

positive in periods where monetary policy was loose relative to the Taylor rule. In a

similar vein, the correlation between Taylor rule deviations and expectation errors

is also positive and significant, reaching up to 41% for the OIS contract 12-months

ahead. These observations together suggest that positive excess returns to FF futures

and OIS arise in periods where short-rates are lower than what the Taylor rule implies.

In the following section, we dig deeper to explore possible reasons behind the Fed’s

deviation from the Taylor rule in these episodes, and the ensuing monetary policy

expectation errors on behalf of the public.

3.2.3 Financial Conditions as a Missing Ingredient in the Reaction

Function?

What drove the Fed to aggressively cut interest rates to market participants’ surprise?

Figures 3.5 and 3.6 show the time series of predicted and realized short-rate changes

studied in the past two sections. The plots show that a large share of overall excess

returns tend to arise due to unexpected rate cuts during recessions.

24Figures A.5 and A.6 in the appendix plot the series of excess returns against Taylor rule deviations.
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Figure 3.5: Predicted and Realized Short-Rates: Federal Funds Futures. The figure shows the time t +n realized short-
rate change together with its time t predicted value from FF futures. Following Eq. (3.11), the realized change is the

difference between the short-rate in month t +n less its value in base month t . The predicted value is f (n)
t − it , where

f (n)
t is the rate on an FF futures with maturity n. The sample is 1990:11 – 2018:11 and shaded areas denote National

Bureau of Economic Research (NBER) recession periods.
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What explains these rate cuts? In a recent paper, Cieslak and Vissing-Jorgensen

(2017) use FOMC minutes and transcripts to show that the Fed not only responds to

macroeconomic fundamentals but also the stock market when setting the policy rate.

In a similar vein, Peek, Rosengren, and Tootell (2016) show that financial conditions

are increasingly referred to in monetary policy announcements and Adrian, Duarte,

Grinberg, and Mancini Griffoli (2019) document significant welfare gains from in-

cluding financial conditions along with conventional Taylor rule variables in a policy

setting framework. A possible explanation is therefore, that the Fed has responded to

deteriorating financial conditions during the last two recessions even as hard data on

activity was not yet pointing to a slowdown.

This interpretation is consistent with the recollection of former FOMC member

Dudley’s characterization of the Fed’s actions in response to the collapse of Lehman
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Figure 3.6: Predicted and Realized Short-Rates: Overnight Index Swaps. The figure shows time t +n realized short-
rate change together with its time t predicted value from OIS. Following Eq. (3.11), the realized change is the difference

between the average short-rate from t to t +n less its value in base month t . The predicted value is f (n)
t − it , where f (n)

t
is the rate on an OIS with maturity n. The sample is 2001:12 – 2019:07, and shaded areas denote NBER recession periods.
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Brothers: "Given the rapid deterioration in financial conditions, instead of following

the prescription from these [different variants of Taylor] rules, the FOMC cut the federal

funds rate rapidly over the next three months, pushing the federal funds rate down to

a range of 0 to a quarter of 1 percent by year-end".25 As such, if financial conditions

were an important component of the central bank’s reaction function, but one that

investors were not aware of, then financial conditions should predict excess returns

to money market derivatives as well as survey-based expectation errors. To test this,

we run predictive return regressions of the form,

r x(n)
t+n =α+βxt +γzt +εt+n , (3.16)

25The speech is available at: https://www.newyorkfed.org/newsevents/speeches/2017/dud170330.

https://www.newyorkfed.org/newsevents/speeches/2017/dud170330
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where r x(n)
t+n is the excess returns to either FF futures or OIS, xt is an indicator of

financial conditions, and zt contains control variables from the literature. In Table

3.5, we analyze if excess returns to FF futures and OIS can be predicted by a key com-

ponent of financial conditions, namely the return to the stock market. We initially

set γ= 0 and regress future realized returns to FF futures and OIS on current excess

returns to the S&P500 index, computed as the monthly value-weighted excess return

including dividends from CRSP. Panel A of Table 3.5 shows the estimated slope coeffi-

cients and R2 from this regression and reveals that the effect of the stock market is

strong. The magnitude of estimated coefficients suggests that a monthly ten-percent

drop in stock returns predicts excess return to FF futures and OIS of up to 5 basis

points. The signal is also strongly statistically significant, especially for excess returns

at the 3 to 6 months horizon.26

We also test for the marginal contribution of stock returns relative to variables

found to be good predictors of excess returns to money market derivatives; the year-

on-year growth in employment, the corporate credit spread, and the term spread.27

While Piazzesi and Swanson (2008) rely on these variables to capture possible term

premium variation with the business cycle, our use of stock market returns owes

to their tight link with financial conditions. As such, if the stock market remains an

important predictor of excess returns, this is evidence that financial conditions were

important to monetary policy and that excess returns arise as expectation errors

rather than term premia.

In Panel B, we run the horse race between the stock market and the growth in

nonfarm employment. These regressions reveal that the stock market completely

subsumes the information in the business cycle variable, while the size of the slope

on the stock market remains almost unchanged. The same is true in Panels C and D

where we include the credit spread and term spread, showing that the stock market

provides a powerful signal about excess returns above and beyond the information

contained in the business cycle variables. Finally, Panel D tests if the stock market

contains information about excess returns in other periods than recessions. Naturally,

the NBER recession dummy is not an ideal predictor variable as it is not available

in real time, but we include it as a control to test if past stock returns simply pick

up recession periods or whether they carry additional information. Put differently,

controlling for NBER recessions tells us whether stock returns contain predictive

26In unreported results, we follow Cieslak and Vissing-Jorgensen (2017) and include an additional
lag of the stock return variable to account for gradual expectation updating. Consistent with Cieslak and
Vissing-Jorgensen, we find that while higher order lags are not important, this extra lag of stock returns is
significant and improves forecasting power both in-sample and out-sample.

27To avoid look-ahead bias, we compute nonfarm employment growth using vintage data from the
Philadelphia Fed and compute growth rates using only data that was available to investors in real time.
The credit spread is the difference between Moody’s seasoned Baa corporate bond yield relative to the
yield on 10-year Treasuries, and the term spread is the difference between the yield on 10-year and 2-year
Treasuries.
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Table 3.5: Predicting Excess Returns Using the Stock Market. The table reports results from in-sample predictive regressions of excess returns to either FF futures or OIS using the stock
market as the predictor in Eq. (3.16). We test the predictive power of the excess return to the S&P500 by itself, and its marginal predictive power against alternative predictor variables from
the literature. In Panel A, we run univariate regressions using the S&P500, and the estimated coefficients denote the basis point change in monthly excess returns following a 1% (100 bps)
increase/decrease in the stock market. In Panel B, we run a horse race between the stock market and nonfarm employment growth. The coefficient γ shows monthly excess returns following a
1% change in employment growth. Panel C and D use the corporate bond spread and the term spread as controls, respectively, with γ denoting monthly excess returns following a 1% change
in either of these variables. Finally, Panel D shows the marginal predictive power of the stock market when controlling for recessions. NBERt is a dummy variable, and the estimated coefficient
shows the monthly excess return when the economy is in a recession. We report t-statistics computed using a block bootstrap with block length of 15. The sample for FF futures is 1990:11 to
2018:11, and for OIS, it is 2001:12 to 2019:07.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

Panel A: r xt+n =α+β× r xS&P500
t +εt+n

β -0.23 -0.44 -0.49 -0.51 -0.45 -0.43 -0.29 -0.26 -0.28 -0.22 -0.20 -0.20
(-1.83) (-3.94) (-4.44) (-4.46) (-3.79) (-3.51) (-4.13) (-4.21) (-3.40) (-3.03) (-2.73) (-2.58)

R2 0.01 0.04 0.06 0.06 0.04 0.04 0.05 0.05 0.06 0.05 0.04 0.04

Panel B: r xt+n =α+β× r xS&P500
t +γ×Employment Growtht +εt+n

β -0.23 -0.44 -0.49 -0.51 -0.45 -0.42 -0.29 -0.26 -0.28 -0.22 -0.20 -0.20
(-1.86) (-3.97) (-4.47) (-4.57) (-3.83) (-3.55) (-4.14) (-4.20) (-3.53) (-3.07) (-2.76) (-2.65)

γ -0.44 -0.65 -0.84 -1.01 -1.14 -1.23 -0.47 -0.59 -0.34 -0.40 -0.50 -0.59
(-0.97) (-1.21) (-1.32) (-1.41) (-1.45) (-1.42) (-1.26) (-1.39) (-0.89) (-0.92) (-1.04) (-1.19)

R2 0.01 0.06 0.08 0.08 0.08 0.07 0.07 0.08 0.07 0.07 0.08 0.09

Panel C: r xt+n =α+β× r xS&P500
t +γ×Corporate Bond Spreadt +εt+n

β -0.21 -0.43 -0.49 -0.51 -0.45 -0.42 -0.28 -0.26 -0.26 -0.21 -0.19 -0.18
(-1.72) (-3.89) (-4.52) (-4.56) (-4.00) (-3.71) (-4.17) (-4.32) (-3.38) (-2.99) (-2.65) (-2.55)

γ 0.98 0.65 0.45 0.26 0.22 0.24 0.40 0.19 0.75 0.58 0.64 0.65
(1.16) (0.65) (0.37) (0.19) (0.14) (0.15) (0.57) (0.23) (1.10) (0.78) (0.76) (0.73)

R2 0.02 0.05 0.06 0.06 0.04 0.04 0.05 0.05 0.08 0.06 0.06 0.06

Panel D: r xt+n =α+β× r xS&P500
t +γ×Term Spreadt +εt+n

β -0.23 -0.44 -0.49 -0.51 -0.45 -0.43 -0.29 -0.26 -0.28 -0.22 -0.20 -0.20
(-1.84) (-3.94) (-4.42) (-4.52) (-3.82) (-3.54) (-4.19) (-4.18) (-3.45) (-3.03) (-2.69) (-2.55)

γ -0.23 -0.36 -0.44 -0.55 -0.61 -0.70 -0.26 -0.34 -0.24 -0.24 -0.18 -0.17
(-0.33) (-0.39) (-0.40) (-0.45) (-0.43) (-0.48) (-0.40) (-0.48) (-0.33) (-0.30) (-0.21) (-0.19)

R2 0.01 0.05 0.06 0.06 0.05 0.04 0.05 0.06 0.06 0.05 0.05 0.04

Panel D: r xt+n =α+β× r xS&P500
t +γ×NBERt +εt+n

β -0.16 -0.37 -0.42 -0.44 -0.38 -0.35 -0.24 -0.22 -0.20 -0.14 -0.12 -0.12
(-1.38) (-3.58) (-4.18) (-4.18) (-3.56) (-3.18) (-3.82) (-3.93) (-2.62) (-2.20) (-1.86) (-1.86)

γ 10.46 10.72 10.85 10.94 10.94 10.87 7.16 6.33 5.71 5.45 5.58 5.39
(6.35) (5.61) (4.73) (4.07) (3.64) (3.23) (5.43) (4.00) (4.09) (3.26) (2.87) (2.46)

R2 0.11 0.17 0.19 0.19 0.17 0.16 0.20 0.20 0.17 0.19 0.21 0.20
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information even outside of recession periods. Disregarding excess returns to OIS at

the longest horizons, Panel D shows that the stock market remains a strong predictor

even when controlling for recessions, which is remarkable given that recessions drive

a large share of expectation errors and excess returns as documented above.

To further test if excess returns arise as expectation errors, Table 3.6 runs regres-

sion (3.16) using the survey-based expectation error as dependent variable instead of

excess returns. Results here are remarkably similar to those in Table 3.5; coefficients

are of the same sign and almost identical in size and significance. As such, these

results confirm the hypothesis that predictable excess returns are attributable to

predictable expectation errors.

There is reason to suspect that the effect of the stock market is asymmetric; while

the Fed most likely reacts to negative stock returns, it might not react to positive

returns at all. To test this, we introduce a modified version of the predictive return

regression in Eq. (3.16),

r x(n)
t+n =α+βPOS × r xS&P500

t ×δ(r xS&P500
t >0)

+βN EG × r xS&P500
t ×δ(r xS&P500

t ≤0) +γ×NBERt +εt+n , (3.17)

where r xS&P500
t ×δ(r xS&P500

t >0) contains all positive stock returns and takes the value

zero when returns are negative, while r xS&P500
t ×δ(r xS&P500

t ≤0) contains all negative

stock returns and takes the value zero whenever stock returns are positive. Further,

we include the NBER dummy to control for the effect of recessions on the predictive

relation between money market excess returns and past stock returns. We do so to

rule out that stock returns simply pick up recessions (which tend to be accompanied

by negative stock returns).

Table 3.7 presents the results from Eq. (3.17) and confirms the hypothesis that the

predictive information of the stock market is highly non-linear. Whereas positive stock

market movements have no information, negative stock returns give a strong signal

about future excess returns to money market derivatives. Coefficients on negative

stock returns are also negative as expected; as the stock market drops, the Fed cuts

interest rates more than expected by market participants, which in turn leads to

positive unexpected returns to FF futures and OIS following Eq. (3.6).

Finally, we test if the same non-linearity in predictive information exists when

predicting expectation errors. Table 3.8 present the results from running Eq. (3.17)

using survey-based expectation errors as dependent variable rather than excess

returns. Again, while positive stock returns are completely uninformative about

future expectation errors, negative stock returns provide a large and significant signal,

even when controlling for recessions. Again, the strong resemblance between these
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Table 3.6: Predicting Expectation Errors Using the Stock Market. The table reports results from in-sample predictive regressions replacing excess returns with survey-based expectation
errors in Eq. (3.16). In Panel A, we run univariate regressions using the S&P500. Estimated coefficients denote the basis point change in monthly forecast errors following a 1% (100 bps)
increase/decrease in the stock market. In Panel B, we run a horse race between the stock market excess return and nonfarm employment growth. The coefficient γ shows expectation errors
following a 1% change in employment growth. Panel C and D use the corporate bond spread and the term spread as controls, respectively, with γ denoting expectation errors following a 1%
change in either of these variables. Finally, Panel D shows the marginal predictive power of the stock market when controlling for recessions. NBERt is a dummy variable, and the estimated
coefficient shows the expectation error when the economy is in a recession. We report t-statistics computed using a block bootstrap with block length of 15. The sample for FF futures is 1990:11
to 2018:11, and for OIS, it is 2001:12 to 2019:07. Spaces are left blank when survey forecast horizons do not match those of market rates, see section 3.1.2.

Federal Funds Futures Overnight Index Swaps

Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

Panel A: ER(n)
t+n =α+β× r xS&P500

t +εt+n

β -0.36 -0.31 -0.43 -0.30 -0.26 -0.24
(-4.32) (-4.51) (-4.30) (-3.83) (-3.41) (-3.18)

R2 0.05 0.06 0.09 0.08 0.07 0.07

Panel B: ER(n)
t+n =α+β× r xS&P500

t +γ×Employment Growtht +εt+n

β -0.35 -0.31 -0.43 -0.30 -0.26 -0.25
(-4.32) (-4.58) (-4.44) (-3.89) (-3.50) (-3.22)

γ -0.77 -0.73 -0.37 -0.30 -0.34 -0.42
(-1.66) (-1.56) (-0.76) (-0.64) (-0.68) (-0.83)

R2 0.08 0.10 0.10 0.09 0.09 0.09

Panel C: ER(n)
t+n =α+β× r xS&P500

t +γ×Corporate Bond Spreadt +εt+n

β -0.32 -0.29 -0.40 -0.28 -0.24 -0.23
(-4.16) (-4.54) (-4.29) (-3.81) (-3.37) (-3.16)

γ 1.60 1.02 1.57 0.98 0.84 0.78
(1.86) (1.17) (1.95) (1.21) (0.99) (0.86)

R2 0.09 0.08 0.14 0.11 0.10 0.09

Panel D: ER(n)
t+n =α+β× r xS&P500

t +γ×Term Spreadt +εt+n

β -0.36 -0.31 -0.43 -0.30 -0.26 -0.25
(-4.27) (-4.49) (-4.44) (-3.89) (-3.48) (-3.12)

γ 0.17 -0.01 0.33 0.11 0.10 0.10
(0.21) (-0.01) (0.38) (0.13) (0.11) (0.10)

R2 0.05 0.06 0.10 0.08 0.07 0.07

Panel E: ER(n)
t+n =α+β× r xS&P500

t +γ×NBERt +εt+n

β -0.30 -0.27 -0.33 -0.23 -0.19 -0.18
(-3.93) (-4.30) (-3.51) (-3.30) (-2.97) (-2.73)

γ 8.51 6.41 7.26 5.29 4.79 4.37
(4.99) (3.45) (4.10) (2.72) (2.25) (1.86)

R2 0.20 0.19 0.21 0.19 0.18 0.16
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Table 3.7: Predicting Excess Returns: Asymmetric Effects. The table reports estimates from the predictive regression (3.17) where r x(n)
t+n are excess returns to FF futures or OIS while the

variable r xS&P500
t ×δ

(r xS&P500
t >0)

contains positive stock returns and takes the value zero when returns are negative. The variable r xS&P500
t ×δ

(r xS&P500
t ≤0)

contains all negative stock returns

and takes the value zero whenever stock returns are positive. Finally, NBERt is a dummy that takes the value 1 if the economy is in a recession and zero otherwise. We report slope coefficients
(the basis point change in monthly excess returns following a 1% monthly increase/decrease in the stock market) and individual t−statistics using a block bootstrap with block length of 15,
as well as χ2 statistics and p−values for joint equality between positive and negative stock return coefficients across maturities. The sample for FF futures is 1990:11 to 2018:11 and 2001:12 to
2019:09 for OIS.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

βPOS 0.29 -0.05 -0.24 -0.34 -0.28 -0.26 -0.06 -0.14 -0.11 -0.12 -0.10 -0.08
(1.30) (-0.25) (-1.12) (-1.50) (-1.19) (-1.06) (-0.45) (-1.11) (-0.84) (-1.04) (-0.81) (-0.60)

βNEG -0.59 -0.67 -0.60 -0.53 -0.47 -0.45 -0.41 -0.30 -0.28 -0.17 -0.14 -0.15
(-2.62) (-3.30) (-2.87) (-2.41) (-1.99) (-1.80) (-3.29) (-2.48) (-2.10) (-1.38) (-1.18) (-1.25)

γ 9.45 10.00 10.43 10.71 10.72 10.65 6.74 6.14 5.47 5.38 5.51 5.28
(5.52) (5.14) (4.44) (3.96) (3.55) (3.17) (5.08) (3.93) (3.86) (3.17) (2.90) (2.47)

R2 0.12 0.18 0.19 0.19 0.17 0.16 0.21 0.20 0.17 0.19 0.21 0.20

χ2(2) 4.74 8.98 12.78 16.84 12.72 10.09 10.55 14.38 5.09 8.62 7.15 6.52
[0.09] [0.01] [0.00] [0.00] [0.00] [0.01] [0.01] [0.00] [0.08] [0.01] [0.03] [0.04]
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Table 3.8: Predicting Expectation Errors: Asymmetric Effects. The table reports estimates from the from the predictive regression (3.17) where excess returns are replaced with expectation

errors, ER(n)
t+n . The variable r xS&P500

t ×δ
(r xS&P500

t >0)
contains positive stock returns and takes the value zero when returns are negative, and the variable r xS&P500

t ×δ
(r xS&P500

t ≤0)
contains all

negative stock returns and takes the value zero whenever stock returns are positive. Finally, NBERt is a dummy that takes the value 1 if the economy is in a recession and zero otherwise. We
report slope coefficients (the basis point change in expectation errors following a 1% monthly increase/decrease in the stock market) and individual t−statistics using a block bootstrap with
block length of 15. We also present χ2 statistics and p−values for joint equality between positive and negative stock return coefficients across maturities. The sample for FF futures is 1990:11
to 2018:11 and 2001:12 to 2019:09 for OIS.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

1 2 3 4 5 6 3 6 3 6 9 12

βPOS 0.09 -0.07 -0.02 -0.08 -0.08 -0.07
(0.62 ) (-0.49) (-0.09) (-0.65) (-0.67) (-0.54)

βNEG -0.67 -0.46 -0.63 -0.37 -0.30 -0.29
(-4.48) (-3.32) (-3.88) (-2.89) (-2.37) (-2.23)

γ 7.64 5.96 6.38 4.88 4.48 4.04
(4.49) (3.26) (3.47) (2.50) (2.09) (1.73)

R2 0.23 0.20 0.23 0.20 0.19 0.17

χ2(1) 9.64 18.28 5.44 13.73 12.06 9.28
[0.01] [0.00] [0.07] [0.00] [0.00] [0.01]
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Table 3.9: Average Excess Returns to International OIS. The table presents results from regressing excess returns to
international OIS of maturity n = 3,6,9,12 months on a constant. Coefficients are reported in monthly basis points and
t-statistics are computed using a block bootstrap with the block length determined according to Politis and White (2004)
and Patton et al. (2009). See appendix A.1 for details on sample sizes and data sources.

n = 3 6 9 12

Australia Mean 0.00 0.34 0.70 1.01
(0.00) (0.67) (1.24) (1.59)

Sharpe ratio 0.00 0.10 0.17 0.22
Canada Mean 0.38 0.78 1.00 0.68

(1.55) (2.00) (1.89) (0.88)
Sharpe ratio 0.28 0.38 0.38 0.19

Eurozone Mean 1.19 1.37 1.53 1.66
(2.64) (2.41) (2.38) (2.43)

Sharpe ratio 0.66 0.53 0.48 0.47
United Kingdom Mean 1.15 1.30 1.46 1.63

(1.44) (1.58) (1.70) (1.79)
Sharpe ratio 0.36 0.33 0.34 0.35

Japan Mean 0.17 0.18 0.22 0.24
(1.34) (1.58) (1.86) (1.55)

Sharpe ratio 0.36 0.32 0.34 0.35
Switzerland Mean 0.98 1.05 1.23 1.27

(1.53) (1.60) (1.85) (2.01)
Sharpe ratio 0.47 0.43 0.45 0.42

United States Mean 1.19 1.26 1.36 1.49
(2.06) (1.51) (1.48) (1.52)

Sharpe ratio 0.51 0.44 0.40 0.38

results and those in Table 3.7 clearly indicates that excess returns arise because of

unanticipated short-rate cuts in response to deteriorating financial conditions.

Altogether, these results strongly support the notion that excess returns arise

primarily as a result of monetary policy expectation errors, whereas term premia are

of secondary importance. While market participants are able to predict an increasing

short-rate with ease, historically, they have often been surprised by large short-rate

cuts. Our analysis suggests that the underlying reason for such unexpected cuts has

been a strong reaction by the Fed to deteriorating financial conditions, even though

hard economic data showed little signs of an economic slowdown.

3.3 International Evidence

In this section, we test whether excess returns also arise as monetary policy expec-

tation errors in a sample of international currencies. OIS have become popular in

most large currencies around the globe because of their usefulness as a hedging tool.

Going forward, their importance is likely to rise due to the transition away from inter-

bank offered rates (IBORs), as OIS allow for the construction of forward-looking term

reference rates linked to overnight risk-free rates (see footnote 1 in the introduction).

Table 3.9 summarizes the average excess returns to international OIS with maturi-

ties n = 3,6,9,12 months ahead. In line with our previous results, mean excess returns

are positive across currencies (yet small in economic terms) and either significant or

marginally insignificant.
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Table 3.10: Excess Returns and Expectation Errors: International Evidence. The table shows correlations between ex-
cess returns to OIS and expectation errors from Reuters Central Bank Polls following Eq. (3.7). We consider the horizons
3,6,9,12 months ahead and report p−values for the test of correlations being larger than zero.

n = 3 6 9 12

Australia

Canada

Eurozone 0.35 0.75 0.85 0.88
[0.00] [0.00] [0.00] [0.00]

United Kingdom 0.93 0.96 0.96 0.96
[0.00] [0.00] [0.00] [0.00]

Japan

Switzerland 0.69 0.82 0.85 0.86
[0.00] [0.00] [0.00] [0.00]

United States 0.83 0.88 0.90 0.91
[0.00] [0.00] [0.00] [0.00]

To test if excess returns to international OIS are also caused by unexpected short-

rate cuts, we compute their correlation with monetary policy expectation errors from

the Reuters Central Bank Polls.28 Table 3.10 reveals that excess returns to OIS and

short-rate expectation errors are strongly correlated in our international sample as

well.29 While correlations are especially high for long-horizon forecasts (up to 96%),

correlations at all maturities are strongly statistically significant.

Finally, in Table 3.11 we run predictive return regressions as in Section 3.2.3 using

the local stock market in each currency area as an indicator of financial conditions.30

The results in the table show a remarkable degree of homogeneity in the effect of

local stock markets on OIS excess returns. In all currency areas (except Japan where

the policy rate is extremely persistent and does not exceed 50 basis points over the

sample), the stock market is a strong predictor of future excess returns. The effect

of the stock market in each currency area is also relatively homogeneous, with a ten

percent drop signaling excess returns between 2 and 5 monthly basis points across

maturities. Finally, the effect local stock markets appear to be strongest at the 3 to

28Time series of Reuters expectations of future short-rates are available at sufficient lengths for the
Eurozone, United Kingdom, Switzerland, and the United States. For plots of excess returns with survey
expectation errors, see A.9, A.10, A.11 and A.12 in the appendix.

29The correlation is relatively low for the EU three-months horizon. This is because respondents in
the Reuters survey are asked to predict the European Central Bank Main Refinancing Rate (MRO) and not
the EONIA, which OIS settle against in the Eurozone. While the EONIA is a market rate determined by
interbank unsecured transactions, the MRO was floored at zero for large parts of the sample period. Due
to excess liquidity created by the ECB’s asset purchases and lending programs, EONIA fluctuated more
closely in line with the rate of the ECB’s deposit facility rate (DFR). This creates different circumstances
under which survey respondents and market participants forecast, and the discrepancy is strongest at
the three-months forecast horizon. Despite this fact, the correlation at this maturity remains statistically
significant.

30Because short-term Treasury bills are not available in all currencies as a measure of the risk-free rate
of interest, we subtract the one-month ahead OIS rate observed on the last day of month t −1 from the
following month’s stock return so as to transform the return into excess form. In Table A.7 in the appendix,
we show that the results in Table 3.11 are robust to excluding this transformation.
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Table 3.11: Predicting Excess Returns Using the Local Stock Market. The table reports predictive regressions of OIS
excess returns, n = 3,6,9, and 12 months, on the stock market excess return in each currency area following Eq. (3.16)
where r xstock market

t is the monthly return on the local stock market including dividends, minus the one-month ahead
OIS rate. The one-month OIS rate is observed on the last trading day of month t−1. We report slope coefficients (the basis
point change in monthly excess returns following a 1% increase/decrease in the stock market) and t-statistics computed
using a block bootstrap with block length of 15.

n = 3 6 9 12

Australia β -0.16 -0.23 -0.26 -0.28
(-1.42) (-2.00) (-2.27) (-2.57)

R2 0.01 0.03 0.04 0.05
Canada β -0.22 -0.24 -0.22 -0.21

(-3.84) (-3.45) (-2.91) (-2.42)
R2 0.08 0.08 0.06 0.04

Eurozone β -0.12 -0.21 -0.22 -0.23
(-1.81) (-3.05) (-3.18) (-3.35)

R2 0.02 0.06 0.06 0.07
United Kingdom β -0.52 -0.43 -0.36 -0.33

(-4.70) (-4.37) (-3.89) (-3.85)
R2 0.09 0.08 0.07 0.07

Japan β -0.03 -0.02 -0.02 -0.02
(-1.91) (-1.87) (-1.70) (-1.83)

R2 0.02 0.02 0.02 0.02
Switzerland β -0.26 -0.18 -0.15 -0.16

(-3.07) (-2.41) (-2.03) (-2.35)
R2 0.05 0.04 0.03 0.04

United States β -0.29 -0.23 -0.21 -0.21
(-3.33) (-2.98) (-2.62) (-2.53)

R2 0.06 0.05 0.04 0.04

6-months maturity, as the last section also concluded for the US.

3.4 Robustness

3.4.1 Alternative Approach to the Taylor Rule

To test the robustness of the Taylor rule results, this section provides correlations

between excess returns, expectation errors, and Taylor rule deviations calculated

following Evans et al. (1998). Rather than estimating the Taylor rule implied short-rate

recursively by regressing on unemployment and inflation, this approach assumes a set

of structural relations between monetary policy and these fundamentals. Specifically,

the level of the short-rate is found as,

î Taylor
t+n = r +πt+n + 1

2
×okun× (

u∗−ut+n
)+ 1

2
× (
πt+n −π∗)

(3.18)

where r is the level of the real interest rate, πt+n is average inflation rate over the

last year, and okun is a parameter that refers to Okun’s law and describes the relation

between output and unemployment gaps.31 Finally, ut+n is the unemployment rate,

31Okun’s law prescribes that a 1 percentage point increase in unemployment from the natural rate is
associated with a 3% drop in potential GDP (Okun, 1963).
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Table 3.12: Taylor Rule Deviations: Structural Approach. The table reports correlations between Taylor rule deviations,
excess returns and expectation errors, as well as p-values for correlation being different from zero. The first row shows
correlations between Taylor rule deviations from Eq. (3.18) and excess return to FF futures or OIS. The average excess
return to FF futures is computed following Eq. (3.8). The second row reports correlations between Taylor rule deviations
and the component of excess returns attributable to expectation errors from Eqs. (3.7) and (3.9). The Taylor implied
short-rate is found following Eq. (3.18) where r is the real interest rate, πt+n is average inflation rate over the last year,
okun is the parameter relating output to unemployment gaps (Okun, 1963), ut+n is the unemployment rate, u∗ is the
natural rate of unemployment, and π∗ is the target inflation rate. For parameter values, we follow Evans et al. (1998) and
set r = 2%,u∗ = 0.06,π∗ = 2% and okun = 3. The sample for FF futures is 1990:11 to 2018:11, and for OIS, it is 2001:12 to
2019:07.

Federal Funds Futures Overnight Index Swaps
n = 3 6 3 6 9 12

ρ

(
ψ

Taylor
t+n ,r x(n)

t+n

)
0.19 0.31 0.07 0.19 0.33 0.44

[0.00] [0.00] [0.29] [0.01] [0.00] [0.00]

ρ

(
ψ

Taylor
t+n ,ER(n)

t+n

)
0.22 0.35 0.17 0.27 0.38 0.48

[0.00] [0.00] [0.02] [0.00] [0.00] [0.00]

u∗ is the natural rate of unemployment and π∗ is the target inflation rate. For pa-

rameter values, we follow Evans et al. (1998) and set r = 2%,u∗ = 0.06,π∗ = 2%, and

okun = 3.32 Finally, to create the series of Taylor rule deviations, we follow Eq. (3.15)

and subtract the current short-rate from the model-implied level in Eq. (3.18).

Results in Table 3.12 show that excess returns and expectation errors remain

highly correlated with Taylor rule deviations, irrespective of this alternative approach

to estimating the Taylor rule. Interestingly, correlations increase for OIS, where excess

returns at the highest maturity now share a correlation of 44% with the new Taylor

rule deviations. The same is true for correlations between expectation errors and

Taylor rule deviations, reaching up to 48% at the longest maturities. As such, using a

structural, rather than regression-based approach, does not change the conclusion

that excess returns and expectation errors were high in periods where the short-rate

was lower than the level implied by the Taylor rule.

3.4.2 Predicting Excess Returns Using a Financial Conditions Index

Since there is reason to believe that the Fed not only monitors equity prices but

considers a broad range of financial indicators when setting policy, we test if the

predictive results obtained in the last sections are robust to an alternative measure of

financial conditions: The Chicago Fed National Financial Conditions (CFNFC) index.

The CFNFC index is constructed from 101 financial indicators including the TED

spread, the VIX index, Treasury and stock market options, and various repo spreads

(Brave and Butters, 2011).

Table 3.13 reports results from regressing future excess returns on the CFNFC

32Notably, the assumption that the real interest rate is 2% is criticizable given the low interest rate
environment experienced over the past decade. However, as our data goes back three decades, it is not
unreasonable to assume that the average real interest rate has been 2% over the full sample.
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Table 3.13: Predicting Excess Returns Using the Chicago Fed National Financial Conditions Index. The table reports results from in-sample predictive regressions of excess returns to either FF
futures or OIS following Eq. (3.16). Here, xt contains another measure of financial conditions: the Chicago Fed National Financial Conditions Index (CFNFC). The CFNFC index is constructed
from 101 financial indicators including the TED spread, the VIX index, Treasury and stock market options and various repo spreads (see Brave and Butters, 2011). We test the predictive power of
the index by itself (we take the first difference of CFNFC due to its high persistence), and its marginal predictive power against the alternative predictor variables. In Panel A, we run univariate
regressions of ∆CFNFC. Estimated coefficients denote the basis point change in monthly excess returns following a 1% (100 bps) increase/decrease in ∆CFNFC. In Panel B, we run a horse race
between ∆CFNFC and nonfarm employment growth. The coefficient γ shows monthly excess returns following a 1% change in employment growth. Panel C and D use the corporate bond
spread and the term spread as controls, respectively, with γ denoting monthly excess returns following a 1% change in either of these variables. Finally, Panel D shows the marginal predictive
power of ∆CFNFC when controlling for recessions. NBERt is a dummy variable, and the estimated coefficient shows the monthly excess return when the economy is in a recession. We report
t-statistics computed using a block bootstrap with the block length set at 15. The sample for FF futures is 1990:11 to 2018:11 and for OIS it is 2001:12 to 2019:07.

Federal Funds Futures Overnight Index Swaps

Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

Panel A: r xt+n =α+β×∆CFNFCt +εt+n

β 0.27 0.28 0.23 0.18 0.12 0.09 0.17 0.09 0.20 0.13 0.10 0.09
(5.44) (5.69) (4.49) (3.19) (2.16) (1.51) (5.45) (3.17) (7.07) (4.79) (3.82) (3.38)

R2 0.08 0.10 0.07 0.04 0.02 0.01 0.10 0.04 0.25 0.14 0.10 0.07

Panel B: r xt+n =α+β×∆CFNFCt +γ×Employment Growtht +εt+n

β 0.30 0.31 0.27 0.22 0.17 0.14 -0.29 -0.26 0.22 0.15 0.12 0.11
(5.81) (6.32) (5.18) (3.93) (2.91) (2.33) (-4.22) (-4.23) (7.78) (5.45) (4.56) (4.28)

γ -0.92 -1.16 -1.29 -1.37 -1.42 -1.46 -0.47 -0.59 -0.74 -0.66 -0.72 -0.80
(-2.06) (-2.15) (-2.00) (-1.85) (-1.74) (-1.64) (-1.26) (-1.39) (-2.25) (-1.68) (-1.60) (-1.65)

R2 0.10 0.14 0.12 0.09 0.07 0.06 0.07 0.08 0.30 0.19 0.17 0.16

Panel C: r xt+n =α+β×∆CFNFCt +γ×Corporate Bond Spreadt +εt+n

β 0.28 0.28 0.24 0.18 0.13 0.10 0.17 0.10 0.20 0.13 0.11 0.09
(5.54) (5.90) (4.54) (3.24) (2.23) (1.60) (5.54) (3.20) (7.59) (4.98) (4.03) (3.57)

γ 1.37 1.18 0.97 0.73 0.60 0.58 0.73 0.44 1.21 0.90 0.90 0.90
(1.55) (1.14) (0.78) (0.51) (0.38) (0.35) (1.00) (0.52) (2.15) (1.30) (1.15) (1.02)

R2 0.09 0.12 0.08 0.04 0.02 0.01 0.11 0.04 0.29 0.17 0.13 0.11

Panel D: r xt+n =α+β×∆CFNFCt +γ×Term Spreadt +εt+n

β 0.27 0.28 0.23 0.17 0.12 0.09 0.17 0.09 0.20 0.13 0.10 0.09
(5.49) (5.71) (4.50) (3.24) (2.10) (1.49) (5.40) (3.12) (7.21) (4.80) (3.95) (3.46)

γ 0.02 -0.10 -0.22 -0.39 -0.50 -0.63 -0.10 -0.26 -0.03 -0.11 -0.09 -0.08
(0.03) (-0.11) (-0.19) (-0.31) (-0.35) (-0.41) (-0.16) (-0.34) (-0.04) (-0.15) (-0.09) (-0.08)

R2 0.08 0.10 0.07 0.04 0.02 0.01 0.10 0.04 0.25 0.14 0.10 0.07

Panel E: r xt+n =α+β×∆CFNFCt +γ×NBERt +εt+n

β 0.27 0.27 0.23 0.17 0.12 0.09 0.17 0.09 0.19 0.12 0.09 0.08
(5.85) (6.06) (4.61) (3.30) (2.18) (1.52) (5.89) (3.24) (6.95) (4.60) (3.71) (3.20)

γ 10.61 11.14 11.36 11.49 11.42 11.32 7.44 6.60 5.69 5.50 5.63 5.49
(6.32) (6.06) (4.89) (4.22) (3.66) (3.32) (5.71) (4.18) (5.35) (3.76) (3.11) (2.64)

R2 0.19 0.25 0.22 0.18 0.16 0.14 0.27 0.20 0.36 0.28 0.27 0.24
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index. These results show that the predictability of excess returns remains high when

using this alternative measure of financial conditions, and again, the information in

the alternative predictor variables is subsumed when including financial conditions.

The signal from the CFNFC index is particularly strong for OIS. Here, R2 statistics

increase significantly and reach up to 36% at the three month maturity. Since the only

recession in the OIS sample is the 2008 Financial Crisis, this suggests that the Fed

was responding to general financial conditions in this period, rather than narrowly

focusing on declining equity prices.

3.4.3 Out-of-Sample Forecasts

In this subsection, we test if excess return predictability from the stock market also

holds in an out-of-sample context. As documented by Welch and Goyal (2008), vari-

ables that are found to forecast returns well in-sample do not necessarily do so in

real time. Table 3.14 shows the Campbell and Thompson (2008) R2
OOS statistic for

predicting returns out-of-sample, accompanied by Clark and West (2007) p−values

for the test of equal predictive accuracy between the forecasting model and the his-

torical average return.33 Results in Table 3.14 support the previous conclusions that

the stock market has been a powerful predictor of excess returns over the past three

decades. While none of the alternative predictor variables consistently outperform

the historical average return, R2
OOS statistics for the stock market are positive and

statistically significant. Again, predictability is strongest at the 3 to 6-months horizon,

suggesting that the Fed cuts rates in response to the stock market with a lag of about

1-2 quarters.

Finally, Figure 3.7 shows the historical forecast performance of the stock market.

Here, we present the cumulative difference in squared forecast errors (CDSFE), and

an upwards sloping CDSFE indicates that the stock market is outperforming the

historical average benchmark in forecasting excess returns. The figure reveals that the

predictive power of the stock market is strongest in recessions. As such, it supports

the notion that excess returns arise as expectation errors, since it is in these periods

that we would expect the Fed to accommodate financial market stress.

33We use an estimation window of five years and estimate coefficients recursively thereafter. We use an
expanding window of observations, as the high noise/signal ratio of excess returns causes a rolling window
to fit the noise of the data too closely.
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Table 3.14: Excess Return Predictability: Out-of-Sample Forecasts. To test the usefulness of predictor variables for forecasting in real time, the table reports the Campbell and Thompson
(2008) R2

OOS statistic from predicting returns out-of-sample using either the stock market, nonfarm employment growth, the credit spread or the term spread as predictor. Forecasts are formed

as r̂ xt+n = α̂t + β̂t xt , where xt contains the given predictor variable, and the coefficients are estimated recursively based on an expanding window of observations. Square brackets present
Clark and West (2007) p−values from the test of equal predictive accuracy between these forecasts and the no-predictability benchmark, specifically the historical average excess return. We
use an initial estimation window of five years, such that the out-of-sample period for FF futures is 1995-11 to 2018:11 and 2007:04 to 2019:07 for OIS.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

S&P500 -0.00 0.05 0.06 0.06 0.05 0.04 0.05 0.06 0.02 0.03 0.04 0.06
[0.31] [0.01] [0.00] [0.00] [0.00] [0.00] [0.01] [0.00] [0.01] [0.01] [0.01] [0.01]

Employment Growth -0.01 -0.05 -0.09 -0.12 -0.14 -0.16 -0.07 -0.15 -0.01 -0.07 -0.16 -0.22
[0.28] [0.30] [0.24] [0.19] [0.15] [0.15] [0.29] [0.20] [0.43] [0.65] [0.51] [0.20]

Corporate Bond Spread -0.03 -0.06 -0.08 -0.10 -0.12 -0.16 -0.08 -0.13 -0.09 -0.08 -0.04 0.05
[0.10] [0.22] [0.41] [0.67] [0.80] [0.84] [0.32] [0.75] [0.91] [0.83] [0.31] [ 0.14]

Term Spread -0.01 -0.01 -0.01 -0.02 -0.03 -0.03 -0.02 -0.03 -0.01 -0.02 -0.04 -0.03
[0.82] [0.65] [0.65] [0.71] [0.73] [0.75] [0.72] [0.75] [0.59] [0.83] [0.90] [0.77]
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Figure 3.7: Historical Forecast Performance from Stock Excess Returns. The figure shows the historical forecast per-
formance from using the stock market as predictor variable. We compute the historical performance as the differ-
ence in cumulative squared forecast errors between the no-predictability benchmark and the stock market forecast

as CDSFEτ =∑τ
s=1

(
r xs+n − r xEH

s+n

)2 −∑τ
s=1

(
r xs+n − r̂ xs+n

)2, where r xs+n is the excess returns realized at time s to ei-

ther FF futures or OIS, r xEH
s+n is the no-predictability benchmark, specifically the historical average excess return, while

r̂ xs+n is the excess return forecast from the stock market. A positive slope means that the stock market forecasts well,
and shaded areas are NBER recession periods. Performance is showed in Graph A for FF futures contracts of maturity
n = 1, ...,6, and in Graph B for OIS contracts of maturity n = 3,6,9, and 12 months. We use an initial estimation window of
five years, such that the out-of-sample evaluation period goes from 1995:11 to 2019:07. Over the out-of-sample period,
coefficients are updated recursively using an expanding window of observations.
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3.5 Conclusion

In this paper, we use survey data on monetary policy expectations to study why federal

funds (FF) futures and overnight index swaps (OIS) are biased predictors of the future

short-rate. Our results show that the bias, and therefore positive excess returns on

long positions in these instruments, stem from market participants systematically

miscalculating the timing and size of the Fed’s interest rate cuts.34 We argue that these

expectation errors happened because market participants did not anticipate how

strongly the Fed would lower the policy rate in response to deteriorating financial

conditions. We underpin this interpretation by evidence that the stock market is

a powerful predictor of future excess returns. That this component of the central

banks’ reaction function was not reflected in market participants’ expectations at the

time, does not mean that market participants are ‘irrational’ in the sense that they

make persistent but avoidable mistakes. Instead, if market participants have to learn

about (changes in) the central bank’s reaction function over time, such learning will

naturally show up as systematic and predictable deviations from the expectations

hypothesis. That the bias arises because of unanticipated monetary policy actions

rather than time-varying risk premia, indicates that FF futures and OIS are otherwise

accurate predictors of the short-rate, and that for these instruments, the EH serves as

34Importantly, our results do not speak to the effectiveness of these rate cuts and whether these were
welfare enhancing or not but simply document that expectation errors dominate term premia when
it comes to understanding deviations from the expectations hypothesis and excess returns in money
markets.
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a reasonable approximation for any practical considerations.
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Appendix

A.1 Overview of International Data

Table A.1: The table provides a summary of the data sources for international OIS and surveys. OIS in all currency areas
reference overnight interest rates (referred to as reference rate in the table). Participants in the Reuters survey are asked
about the future monetary policy target. In 2018:01, SARON replaced TOIS as the official reference rate in Switzerland.
All stock returns are sampled to start at the same date as data is available for each OIS series. Since 2008, respondents
forecast the midpoint of the US target range. Reuters Central Bank Polls are retrieved from the Thomas Reuters Eikon
database. There is not sufficient survey data for Australia, Canada, and Japan because of their late introduction into the
survey, hence their exclusion.

Overnight Index Swaps Reuters Central Bank Polls Stock Market

Currency
Area

Reference
Rate

Sample Start Policy Rate Sample Start Index

Australia RBA IBOC 2001:10 S&P/ASX 200

Canada CORRA 2003:04 S&P/TSX
Composite

Index

Eurozone EONIA 1999:02 ECB MRO 2004:10 STOXX
Europe 600

United
King-
dom

SONIA 2000:12 BOE Bank
rate

2004:12 FTSE 100

Japan TONAR 2002:03 Nikkei 225

Switzerland TOIS/SARON 2001:04 SNB 3M
Target LIBOR

Rate

2006:03 SMI Index

United
States

Effective
Federal Funds

Rate

2001:12 Federal funds
rate target

2005:10 S&P500
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A.2 Appendix: Tables

Table A.2: Decomposing Excess Returns to Overnight Index Swaps: Transformed Survey Expectations. The table
shows the decomposition of excess returns to OIS from Table 3.1 when compounding the survey-based expected short-

rate. Adjusted survey expectations are found as
(
1+S(n)

t /360
)q × 360/q , i.e. the annualized effective rate from rolling

over the expected short-rate each day from t to t +n, where q is the number of days in that interval. We report mean
estimates of expectation errors and term premia, as well as the amount of explained return variance from each of these
two components following the same procedures as in Table 3.1.

Overnight Index Swaps

n = 3 6 9 12

Panel A: Decomposing Excess Returns

Expectation Errors 0.50 0.84 1.32 1.92
(2.63) (1.90) (1.94) (1.97)

Term Premia -0.25 -0.31 -0.44 -0.62
(-3.91) (-3.34) (-3.01) (-3.20)

Panel B: Variance Decomposition

Expectation Errors 1.15 1.03 0.99 0.98
Term Premia -0.15 -0.03 0.01 0.02
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Table A.3: Mean Excess Return: Recessions Versus Expansions (Excluding the Zero-Lower Bound). The table estimates mean excess returns to FF futures and OIS in expansions and recessions

by conditioning on the National Bureau of Economic Research (NBER) recession indicator. We report coefficients from the regression, r x(n)
t+n =αEXP ×δ{NBERt 6=1} +αREC ×δ{NBERt =1} +εt+n ,

where r x(n)
t+n is either excess returns to FF futures of maturity n = 1, ...,6 months, or OIS of maturity n = 3,6,9, and 12 months. αREC is the estimated coefficient for a variable that takes the value

1 when the economy is in a recession and zero otherwise. αEXP is the estimated coefficient for the variable that takes the value 1 whenever the economy is expanding and zero otherwise. To
control for the zero-lower bound, the expansion dummy also takes the value of zero from October 2008 to November 2015. t-statistics are computed using a block bootstrap with the block
length determined according to Politis and White (2004) and Patton et al. (2009). Coefficient estimates are denoted in monthly basis points. The sample for FF futures is 1999:05 – 2018:11, and
the sample for OIS is 2001:12 to 2019:07.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

αEXP 0.44 0.67 0.76 0.91 0.94 1.03 0.50 0.60 0.40 0.29 0.14 0.13
(0.89) (1.13) (1.03) (1.03) (0.92) (0.88) (1.18) (1.12) (1.24) (0.88) (0.30) (0.19)

Sharpe ratio 1.09 0.89 0.84 0.82 0.81 0.81 0.80 0.76 0.26 0.15 0.13 0.17

αREC 10.20 14.08 16.43 18.14 19.55 21.15 9.55 10.72 9.56 10.64 11.38 9.70
(7.98) (9.17) (9.91) (10.16) (9.89) (9.47) (9.82) (9.70) (10.70) (12.38) (11.46) (6.59)

Sharpe ratio 1.98 1.84 1.91 2.04 2.21 2.50 1.72 2.15 1.51 1.77 2.52 2.36
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Table A.4: Predicting the Direction of the Short-Rate. The table shows how many times market participants correctly
predicted the direction of the short-rate. We count the total number of correct predictions, the number of predicted
increases and the number of predicted decreases.

% Correct Predictions

Horizon (months) Total Increase Decrease

Panel A: Federal Funds Futures

1 75.0% 83.7% 64.5%
2 78.2% 89.9% 65.0%
3 76.6% 91.4% 60.6%
4 75.1% 91.9% 57.1%
5 75.0% 92.0% 55.8%
6 74.0% 93.1% 52.6%

Panel B: Overnight Index Swaps

3 74.6% 91.13% 50.59%
6 76.7% 95.90% 48.81%
9 74.9% 97.44% 44.19%
12 74.5% 99.15% 39.76%
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Table A.5: Predicting the Magnitude of Short-Rate Changes. The table shows how many times a correctly predicted
increase (decrease) underestimated the magnitude of the change by 25 or 100 basis points.

Predicted Increase Predicted Decrease
Horizon
(months)

% Overestimate % Underestimate % Overestimate % Underestimate

Threshold: 25 basis points

Panel A: Federal Funds Futures

1 0.6% 0.6% 0.0% 6.2%
2 1.3% 0.6% 0.0% 21.8%
3 1.9% 2.5% 0.0% 34.0%
4 5.7% 3.2% 1.1% 43.5%
5 8.6% 8.0% 4.6% 44.8%
6 10.4% 17.2% 2.4% 42.7%

Panel B: Overnight Index Swaps

3 0.0% 0.0% 0.0% 11.6%
6 0.9% 0.0% 0.0% 19.5%
9 1.8% 4.4% 0.0% 36.8%
12 4.3% 12.1% 0.0% 39.4%

Threshold: 100 basis points

Panel C: Federal Funds Futures

1 0.0% 0.0% 0.0% 0.0%
2 0.0% 0.0% 0.0% 2.0%
3 0.0% 0.0% 0.0% 4.1%
4 0.0% 0.0% 0.0% 10.9%
5 0.6% 0.0% 0.0% 17.2%
6 0.6% 0.0% 0.0% 25.6%

Panel D: Overnight Index Swaps

3 0.0% 0.0% 0.0% 2.3%
6 0.0% 0.0% 0.0% 4.9%
9 0.0% 0.0% 0.0% 18.4%
12 0.0% 0.0% 0.0% 21.2%
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Table A.6: Information in the FF Futures and OIS Curves. Panel A of the table presents slope coefficients from each of the two regressions, it+n − it = α+β×
(

f (n)
t − it

)
+εt+n and r x(n)

t+n =
α+β×

(
f (n)
t − it

)
+ εt+n , where it+n − it is the future short-rate change over month t +n for FF futures, or from t to t +n for OIS. f (n)

t − it is the time t FF futures or OIS curve, and r x(n)
t+n is

the excess return to either of the two. We report slope coefficients and t−statistics computed using a block bootstrap with block length of 15. For the excess return regressions, we test for the
significance of the slope coefficient (β= 0). For the short-rate regressions, we test both for the significance of the slope coefficient, as well as its efficiency as a predictor of the short-rate (β= 1).
The sample for FF futures is 1990:11 to 2018:11 and 2001:12 to 2019:07 for OIS.

Federal Funds Futures Overnight Index Swaps
Individual Average Individual

n = 1 2 3 4 5 6 3 6 3 6 9 12

Panel A: Short-Rate Predictability

β 1.03 1.19 1.26 1.28 1.28 1.26 1.20 1.27 1.14 1.24 1.34 1.40
t(β=0) (24.04) (20.19) (16.03) (12.98) (10.84) (9.03) (19.27) (13.06) (13.21) (9.74) (8.09) (6.97)
t(β=1) 0.70 (3.16) (3.32) (2.86) (2.36) 1.86 (3.22) (2.78) 1.65 1.87 (2.07) (2.01)

R2 0.70 0.71 0.68 0.63 0.58 0.51 0.73 0.66 0.68 0.63 0.60 0.55

Panel B: Excess Return Predictability

β -0.03 -0.19 -0.26 -0.28 -0.28 -0.26 -0.20 -0.27 -0.14 -0.24 -0.34 -0.40
t(β=0) (-0.69) (-3.11) (-3.27) (-2.87) (-2.38) (-1.88) (-3.21) (-2.79) (-1.65) (-1.90) (-2.09) (-2.00)

R2 0.00 0.06 0.08 0.08 0.06 0.04 0.07 0.08 0.03 0.06 0.09 0.09
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Table A.7: Predicting Excess Returns to OIS with Local Stock Market Return. The table runs predictive regressions of
excess returns to OIS of maturity n = 3,6,9, and 12 months on the stock market return in each currency area. The results
are different from those reported in Table 3.11 in that we do not subtract the one-month OIS rate from the stock returns.

Instead, we run the regression, r x(n)
t+n = α+β× r stock market

t + εt+n , where r stock market
t is the monthly return to the

local stock market, including dividends. We report slope coefficients (the basis point change in monthly excess returns
following a 1% (100 bps) increase/decrease in the stock market) and t-statistics computed using a block bootstrap with
block length set at 15.

n = 3 6 9 12

Australia β -0.15 -0.21 -0.24 -0.27
(-1.42) (-2.00) (-2.27) (-2.57)

R2 0.01 0.03 0.04 0.05
Canada β -0.22 -0.23 -0.21 -0.21

(-3.84) (-3.45) (-2.91) (-2.42)
R2 0.08 0.08 0.06 0.04

Eurozone β -0.11 -0.20 -0.22 -0.22
(-1.81) (-3.05) (-3.18) (-3.35)

R2 0.02 0.06 0.06 0.07
United Kingdom β -0.50 -0.41 -0.34 -0.31

(-4.70) (-4.37) (-3.89) (-3.85)
R2 0.09 0.08 0.07 0.07

Japan β -0.03 -0.02 -0.02 -0.02
(-1.91) (-1.87) (-1.70) (-1.83)

R2 0.02 0.02 0.02 0.02
Switzerland β -0.25 -0.17 -0.14 -0.15

(-3.07) (-2.41) (-2.03) (-2.35)
R2 0.05 0.04 0.03 0.04

United States β -0.28 -0.22 -0.20 -0.20
(-3.33) (-2.98) (-2.62) (-2.53)

R2 0.06 0.05 0.04 0.04
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A.3 Appendix: Figures

Figure A.1: Excess Returns to Federal Funds Futures. The figure shows excess returns to FF futures of maturity 1, ...,6
months from Eq. (3.1). By construction, positive excess returns accrue to investors that are long FF futures, when the
futures rate exceeds the short-rate over the contract’s life. The series are denoted in monthly basis points and plotted
against National Bureau of Economic Research (NBER) recession periods marked in grey shading. All values are denoted
in monthly basis points and the sample is 1990:11 – 2018:11.
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Figure A.2: Excess Returns to OIS. The figure shows excess returns to OIS of maturity 3,6,9 and 12 months from Eq.
(3.2). Similar to FF futures, positive excess returns accrue investors that are long OIS, when the fixed leg rate exceeds the
average short-rate over the contract’s life. While FF futures settle in a specific future month t +n, an investors long OIS
receive fixed and pay floating based on the short-rate path from t to t +n. The series are plotted against National Bureau
of Economic Research (NBER) recession periods marked in grey shading. All values are denoted in monthly basis points,
and the sample is 2001:12 – 2019:07.
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Figure A.3: Excess Returns to Federal Funds Futures and Term Premia. The figure shows excess returns to FF futures
with term premia from the decomposition Eq. (3.9). The series are plotted against National Bureau of Economic Research
(NBER) recession periods in grey shading. All series are in monthly basis points and the sample is 1990:11 – 2018:11.
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Figure A.4: Excess Returns to OIS and Term Premia. The figure plots excess returns to OIS against term premia from
the decomposition (3.7). The series are plotted with National Bureau of Economic Research (NBER) recession periods in
grey shading. All values are denoted in monthly basis points, and the sample is 2001:12 – 2019:07.
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Figure A.5: Excess Returns to FF Futures and Taylor Rule Deviations. The figure shows the excess return to FF futures
of maturity 3,6 months from Eq. (3.8) with the contemporaneous Taylor rule deviation estimated from Eq. (3.15). When
the Taylor rule deviation (red line) is below zero, short-rates are below the level implied by the Taylor rule and vice versa.
Both series are standardized to have mean zero and standard deviation one for comparability, and the sample is 1990:11
– 2018:11.
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Figure A.6: Excess Returns to OIS and Taylor Rule Deviations. The figure shows the excess return to OIS of maturity
3,6,9, and 12 months from Eq. (3.2) with the contemporaneous Taylor rule deviation from Eq. (3.15). When the Taylor
rule deviation (red line) is below zero, short-rates are below the level implied by the Taylor rule and vice versa. Both series
are standardized to have mean zero and standard deviation one for comparability, and the sample is 2001:12 – 2019:07.

2005 2010 2015

-2

0

2

4

6

8

10

2005 2010 2015

-2

0

2

4

6

2005 2010 2015

-2

0

2

4

2005 2010 2015

-3

-2

-1

0

1

2

3

4



A.3. APPENDIX: FIGURES 115

Figure A.7: Historical Forecast Performance from Alternative Predictor Variables: Federal Funds Futures. The fig-
ure shows the historical forecast performance of each of the three predictor variables proposed in the literature; non-
farm employment growth, the credit spread, and the term spread. We compute the historical performance as the differ-
ence in cumulative squared forecast errors between the no-predictability benchmark and the forecasting model models,

CDSFEτ = ∑τ
s=1

(
r xs+n − r xEH

s+n

)2 −∑τ
s=1

(
r xs+n − r̂ xs+n

)2, where r xs+n is the excess returns to FF futures realized at

time s on a contract of maturity n, r xEH
s+n is the no-predictability benchmark, specifically the historical average excess

return, while r̂ xs+n is the forecasted excess return from the given predictor variable. A positive slope means that the
predictor variable forecasts well and shaded areas are NBER recession periods. Performance is shown for excess returns
to FF futures of maturity n = 1, ...,6. We use an initial estimation window of five years, such that the out-of-sample evalu-
ation period goes from 1995:11 to 2019:07. Over the out-of-sample period, coefficients are updated recursively using an
expanding window of observations.
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Figure A.8: Historical Forecast Performance from Alternative Predictor Variables: OIS. The figure shows the histor-
ical forecast performance of each of the three predictor variables proposed in the literature; nonfarm employment
growth, the credit spread, and the term spread. We compute the historical performance as the difference in cumula-
tive squared forecast errors between the no-predictability benchmark and the forecasting model models, CDSFEτ =∑τ

s=1

(
r xs+n − r xEH

s+n

)2−∑τ
s=1

(
r xs+n − r̂ xs+n

)2, where r xs+n is the OIS excess return realized at time s, r xEH
s+n is the no-

predictability benchmark, specifically the historical average excess return, while r̂ xs+n is the forecasted excess return
from the given predictor variable. A positive slope means that the predictor variable forecasts well and shaded areas are
NBER recession periods. Performance is shown for excess returns to OIS of maturity n = 3,6,9,12 months. We use an ini-
tial estimation window of five years, such that the out-of-sample evaluation period goes from 2007:04 to 2019:07. Over
the out-of-sample period, coefficients are updated recursively using an expanding window of observations.
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Figure A.9: Excess Returns and Expectation Errors: Eurozone. The figure plots excess returns to OIS of maturity
n = 3,6,9, and 12 months against the contemporaneous expectation errors from the decomposition Eq. (3.7). For the
international evidence, survey data is from Reuters Central Bank polls. The sample is 2004:10 to 2019:07, the frequency
of observations is monthly, and all series are denoted in monthly basis points.
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Figure A.10: Excess Returns and Expectation Errors: United Kingdom. The figure plots excess returns to OIS of maturity
n = 3,6,9, and 12 months against the contemporaneous expectation errors from the decomposition Eq. (3.7). For the
international evidence, survey data is from Reuters Central Bank polls. The sample is 2004:12 to 2019:07, the frequency
of observations is monthly, and all series are denoted in monthly basis points.
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Figure A.11: Excess Returns and Expectation Errors: Switzerland. The figure plots excess returns to OIS of maturity
n = 3,6,9, and 12 months against the contemporaneous expectation errors from the decomposition Eq. (3.7). For the
international evidence, survey data is from Reuters Central Bank polls. The sample is 2006:3 to 2019:06, the frequency of
observations is quarterly, and all series are denoted in monthly basis points.
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Figure A.12: Excess Returns and Expectation Errors: United States. The figure plots excess returns to OIS of maturity
n = 3,6,9, and 12 months against the contemporaneous expectation errors from the decomposition Eq. (3.7). For the
international evidence, survey data is from Reuters Central Bank polls. The sample is 2005:10 to 2019:06, the frequency
of observations is monthly, and all series are denoted in monthly basis points.
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