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The sentiment, or ‘‘Tonality’’, extracted from the narratives that accompany Federal Re-
serve economic forecasts (in the Greenbook) is strongly correlated with future economic
performance, positively with GDP, and negatively with unemployment and inflation.
More notably, Tonality conveys substantial incremental information in that it predicts
errors in Federal Reserve and even in private-sector point forecasts of unemployment
and GDP up to four quarters ahead. More favorable sentiment predicts economic per-
formance that exceeds point forecasts. Higher Tonality also predicts positive monetary
policy (fed funds rate) surprises and higher stock returns up to four quarters ahead.
Quantile regressions suggest that much of Tonality’s forecasting power arises from its
signal of downside risks to both economic performance and stock returns. If observed
in real time, tonality would have been most informative about economic prospects and
stock returns when economic uncertainty was high or when point forecasts called for
subpar GDP growth.

Published by Elsevier B.V. on behalf of International Institute of Forecasters.
1. Introduction

Over the years, even as many researchers and market
articipants have questioned the value of macroeconomic
orecasts, substantial resources continue to be devoted
o their production and dissemination. For instance, the
lue Chip Survey of Economic Indicators collects monthly
orecasts of the U.S. economy from over 50 ‘‘top analysts’’,
ost of whom are associated with private-sector profit-
riven firms. The Blue Chip Financial Forecasts survey
olls a similar set of analysts on their interest rate and
urrency value forecasts, despite probably even less com-
elling evidence of success in predicting financial prices.
imilarly, eight times a year, prior to each meeting of the
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FOMC committee, the staff at the Federal Reserve Board
provide a detailed forecast of the U.S. economy (staff
forecast). Our study provides a new perspective on the
information embedded in macroeconomic forecasts and
their potential value to policymakers and financial market
participants.

In the academic literature, macroeconomic forecasts
have been evaluated for their predictive content, for ev-
idence of bias, as well as for their comparative merit.1
Such studies focus almost exclusively on the track record
of quantitative point forecasts, usually of inflation and/or
GDP growth. Consequently, they largely ignore the nar-
ratives that accompany the quantitative forecasts, even
though narratives are often a substantial part of the fore-
casters’ product. Such narratives tend to give a flavor
of the range of plausible outcomes or characterize the

1 For example, Romer and Romer (2000) show the Federal Reserve
Greenbook forecasts are superior to private sector forecasts. D’Agostino
and Whelan (2008), Gamber and Smith (2009), and Sinclair, Joutz, and
Stekler (2010) note that the superiority of Fed’s forecast has faded
recently.
recasters.
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direction of likely risks to forecasts. While difficult to
verify, it seems quite plausible that policymakers and
investors who pay for these forecasts place significant
value on ‘‘consuming’’ the narratives that accompany the
quantitative point forecasts.

This study breaks new ground by applying tools from
he emerging literature on textual analysis to gauge the
ncremental forecasting signal of the sentiment extracted
rom the narratives that accompany forecasts. To do so,
e focus on Federal Reserve Board forecasts, which are
escribed in the Greenbook and are perhaps the longest
vailable time series of macroeconomic forecasts for the
S economy. We begin by quantifying the degree of opti-
ism versus pessimism embedded in each forecast narra-

ive, which we call the ‘‘Tonality’’ of the forecast narrative,
ased upon counts of words classified as positive or neg-
tive. The starting point for that classification is the Har-
ard Psycho-social dictionary, which is then fine-tuned
y excluding words that have special meaning in an eco-
omic forecasting as well as Federal Reserve context, such
s ‘‘fed’’ and ‘‘interest’’.2 The measure of forecast narrative
entiment that we extract is quite strongly correlated
ith the strength of the accompanying point forecasts for
ey economic variables, usually with the intuitive sign.
n particular, Tonality is positively correlated with the
orecasts of GDP growth and negatively correlated with
oth the unemployment and inflation forecasts.
The central question we consider is to what extent,

nd why, such a measure of text sentiment might have
alue as a signal of future economic performance. Notably
he narrative from which it is drawn is only observable
nternally and not to the outside public until years later.
e examine whether Tonality has incremental power,
ver and above the point forecasts, for predicting key
acroeconomic quantities—namely unemployment, GDP
rowth, and inflation. We pursue the hypothesis that pos-
tive (negative) sentiment predicts more (less) favorable
conomic outcomes, such as higher (lower) GDP growth,
ven conditional on the point forecast. For instance, we
stimate both ordinary least square (OLS) and quantile re-
ressions that project Greenbook forecast errors on Tonal-
ty.

In OLS regressions, we find that Tonality has significant
redictive power for both GDP growth and the change in
he unemployment rate, a result that holds for forecast
orizons from one to four quarters ahead. More positive
entiment in the forecast narrative text predicts higher-
han-forecast GDP growth and a lower-than-forecast un-
mployment rate. One implication of these results is that
reenbook point forecasts are not ‘‘efficient’’, that is,
ean squared forecast errors could have been smaller if

he point forecasts had incorporated all the information
mbedded in the forecast narrative.
More, the quantile regressions reveal strong asymme-

ry in Tonality’s predictive content. For both GDP growth
nd the unemployment rate, and at all horizons, the re-
ults indicate that Tonality is most informative about
he likelihood of bad economic news; that is, it provides

2 For instance, ‘‘fed’’ is a negative word in the Harvard dictionary
as it is often used commonly as ‘‘fed up’’.
1098
a particularly strong signal of lower tail risks for GDP
growth, relative to forecast, and signals the prominence
of upper tail risks for unemployment relative to forecast.
While Tonality does not exhibit a clear directional signal
for inflation, lower Tonality does appear to signal larger
tail risks to inflation forecasts in either direction.

The asymmetry of Tonality’s predictive content for
GDP growth has notable parallels to some previous find-
ings where quantile regressions are used to predict macroe
conomic risks. In particular, both Hengge (2019) and
Rogers and Xu (2019) find that high economic uncertainty
predicts larger downside risks to future GDP growth,
while conveying little information about mean outcomes.
Similarly, Adrian, Boyarchenko, and Giannone (2019) find
that a financial conditions index has substantial predictive
power for the extent of negative tail risk to GDP growth
but relatively little predictive power for mean or median
GDP growth. While we show that the signal from Tonal-
ity has some commonality with that conveyed by both
uncertainty and financial conditions measures, we find
that Tonality has marginal predictive power even after
controlling for those factors.

One possible explanation for Tonality’s predictive powe
could be stickiness in the Greenbook point forecasts, that
is, forecast revisions that are more sluggish than would
be optimal for minimizing mean square error. Nordhaus
(1987) first described this as ‘‘Inefficient forecasts . . . let
the news seep in slowly’’ and argues that the resultant
forecast errors would be predictable, in part, using recent
forecast revisions.3 Such an inefficiency in Greenbook
point forecasts could account for the predictive power of
the narrative if the sentiment in the narrative is simply
more ‘‘nimble’’ to incorporate new information. We find
little evidence that sticky forecasts can account for much
of Tonality’s predictive power.

To get a better sense of the nature of the information
conveyed by Tonality, and when it might be most useful,
we examine whether its predictive power is stronger
when macroeconomic uncertainty is high or, similarly,
when the GDP forecast calls for below-trend growth. One
long-perceived weakness of economic forecasts, docu-
mented early on by Zarnowitz and Braun (1993) and
revisited recently by Smirnov and Avdeeva (2016), is that
point forecasts rarely call for an outright decline in GDP
before a recession has actually begun. Thus, a plausible
hypothesis is that the information value of Tonality is
higher when the four-quarter outlook calls for subpar
growth; at such times, the forecast narrative might be
particularly informative about the balance of risks sur-
rounding the outlook. Indeed, we find that, either when
uncertainty is high or when the four-quarter GDP forecast
calls for sub-par growth, the predictive power of point
forecasts is especially poor; at the same time, Tonality

3 More recently, in an analysis of consensus forecasts from the
Survey of Profession Forecasters, Coibion and Gorodnichenko (2015)
find evidence of ‘‘information rigidity’’, in that forecast revisions for
inflation tend to predict future forecast errors in the same direction.
Andrade and Bihan (2013) as well as Dovern, Fritsche, Loungani, and
Tamirisa (2015) further show that individual forecast revisions also
tend to predict an individual forecasters errors in the same direction,
though the magnitude of rigidity is smaller than in consensus forecasts.
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conveys a sizable amount of information about the likely
direction of the forecast error.

To examine the informational relevance of Tonality
or economic agents outside the Fed, we merge our data
n Greenbook Tonality together with roughly contempo-
aneous consensus economic forecasts compiled in Blue
hip Financial Forecasts. We find that Tonality has very
imilar power to predict errors in the Blue Chip forecasts.
ere again, the predictive power of Tonality for eco-
omic activity appears to be strongest when the consen-
us forecast calls for below-trend GDP growth. The similar
omplementarity of Tonality with private sector forecasts
ndicates that the information content of Tonality is not
imply the consequence of some internal Fed forecasting
ynamic; rather, the sentiment reflected in the Greenbook
arrative would appear to have similar incremental value
or consumers of private sector forecasts.

In light of the predictive power of Tonality for eco-
omic activity (GDP and the unemployment rate) relative
o private-sector forecasts, we consider a logical corollary:
oes Tonality of the text help to predict monetary policy
urprises? If forecasters produce Fed Funds forecasts that
re consistent with their point forecasts for the unem-
loyment rate, as dictated by some Taylor-like rule, then,
ll else the same, one might expect upside surprises to the
nemployment rate predicted by Tonality to be accompa-
ied by upside surprises to the fed funds forecast. Indeed,
e find that Tonality does have significant predictive
ower for policy rates relative to Blue Chip forecasts; in
articular, a more optimistic tone in the Greenbook text
resages a higher than anticipated Fed funds rate up to
our quarters ahead.

Finally, we examine whether Tonality predicts stock
arket returns over horizons similar to those in its pre-
ictions of economic forecast errors. This amounts to a
est of whether the information embedded in Tonality,
ad it been publicly available, could have conveyed valu-
ble information for investors. We find that Tonality has a
urprising amount of power for predicting excess returns
n stocks over holding periods that range from the 3 to 12
onths subsequent to the completion of the Greenbook

orecast. The positive coefficient on Tonality is consistent
ith the interpretation that, on average, the beneficial
ash flow and investor risk premium effects far outweigh
ny negative implications from tighter monetary policy.
Of course, unlike the standard conditioning variables

sed in the return predictability literature, Tonality is
ot directly observable to investors; but this begs the
uestion of whether policymakers indirectly convey the
nformation in Greenbook Tonality to the public. This
uestion is closely related to the burgeoning literature
n information signaled by the words in FOMC commu-
ications, which we consider to be largely beyond the
cope of this paper. Nonetheless, before concluding, we
riefly examine whether the sentiment gauged by Green-
ook Tonality is reflected in the two subsequent formal
OMC communications that follow, the FOMC statement
eleased at the end of the meeting and the FOMC meet-
ng minutes released several weeks hence. We find that
he Tonality of the relatively terse FOMC statements has
ow correlation; in contrast, Tonality measured from the
1099
FOMC minutes correlates quite noticeably with the recent
Greenbook’s Tonality. This suggests a promising direction
for future research on the information conveyed to the
market in the FOMC minutes.

Section 2 provides an overview of how the paper re-
lates to some existing lines of research. Section 3 de-
scribes how we measure Tonality and explores how it
co-varies with the point forecasts of key macroeconomic
variables in the Greenbook. In Section 4, we examine
the extent to which Tonality conveys information about
future macroeconomic conditions not already reflected in
point forecasts. Section 5 examines the relevance of the
information in Tonality for market participants, specifi-
cally, its ability to predict errors in the Blue Chip con-
sensus forecasts and its ability to predict future monetary
policy surprises and stock returns. Finally, it briefly ex-
amines whether Greenbook Tonality is transmitted to the
public in either the post-meeting FOMC statements or the
FOMC meeting minutes. Section 6 concludes.

2. Related literature

This study contributes to the literature on the efficacy
of economic forecasts by providing a broader perspective
on the nature of economic forecasts beyond what can be
learned by studying the properties of forecast errors in
isolation. A singular focus on numerical point forecasts
ignores other pertinent information that forecasters bring
to the table but are not reflected in those forecasts. In
addition, our study also contributes to the relatively new
and burgeoning line of research in economics that draws
insights from treating text as a new source of data. The-
matically, our work is related to the nascent research in
economics and finance that attempts to quantify narra-
tives, an agenda recently nudged into the mainstream,
in part, by Shiller’s (2017) presidential address to the
American Economic Association.

Our study also echoes elements of those that exam-
ine whether the tone of newspaper articles helps ex-
plain or predict stock market returns, beginning with
Tetlock (2007), using techniques elaborated upon more
recently, for instance, by Garcia (2013), Heston and Sinha
(2017), Calomiris and Mamaysky (2019), and Ke, Kelly,
and Xiu (2019). It is also related to Asquith, Mikhail, and
Au (2005), which examines whether the sentiment of the
text in Wall Street analyst reports explains firms’ stock
price responses to earnings forecast revisions. Perhaps the
study closest in purpose to ours is that by Clements and
Reade (2020), which measures the sentiment of the nar-
ratives in the Bank of England Quarterly Inflation Reports
and finds that sentiment can help predict errors in point
forecasts for output growth one to two quarters ahead.4

Also related are recent studies that quantify informa-
tion conveyed in monetary policy communications and by
gauging its impact on market prices. Stekler and Syming-
ton (2016) and Ericsson (2016) manually score the senti-
ment reflected in the FOMC minutes and find that it maps

4 Similarly, but using a manual scoring approach, Jones, Tara, and
Stekler (2019) quantify in those Bank of England reports the narratives
related to inflation and find their metric helps to predict quarter-ahead
inflation.
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quite closely to the current-quarter and quarter-ahead
GDP forecasts in the correspond Greenbook. Hansen and
McMahon (2016) parse FOMC statements into the infor-
mation conveyed about either forward guidance or eco-
nomic conditions and find that the forward guidance has
more noticeable market impact. Hansen, McMahon, , and
Prat (2017) use text analysis to infer change in the nature
of FOMC deliberation following increased transparency.
Schmeling andWagner (2017) gauge the tone of European
Central Bank press conferences and find that a more pos-
itive tone induces higher interest rates and lower credit
spreads and equity volatility. Carvalho, Hsu, and Nechio
(2016) use sentiment quantified from FOMC communica-
tions to examine interest rate reactions to FOMC commu-
nication during the zero lower bound period. Our study
differs from these in that we focus on sentiment embed-
ded in the communications between Fed staff and the
FOMC committee, information that is only available to the
public years later.

The paper also speaks to the measurement of time-
arying macroeconomic uncertainty. For instance, the ap-
roach popularized by Baker, Bloom, and Davis (2016),
ounts uncertainty related words in newspapers. Jurado,
udvigson, and Ng (2015) propose to measure more di-
ectly macroeconomic uncertainty as the conditional
olatility of the unforecastable component of macroeco-
omic variables based on all available data, including fi-
ancial variables. Relatedly, Clark, McCracken, Elmar, and
ertens (2020) construct an uncertainty measure using

he forecast errors of macroeconomic forecasters. We find
hat the tone of forecast narratives conveys substantial in-
ormation over and above popular uncertainty measures.
t the same time, we find that the forecast narrative
s most informative when macroeconomic uncertainty is
igh.

. Measurement of Tonality in Greenbook text

.1. Measuring Tonality

Prior to every scheduled FOMC meeting, the Federal
eserve Board staff puts together its forecast for the U.S.
conomy in an internal Fed document called the Green-
ook (now the Tealbook), which is only made public after
5-year lag. The Greenbook (and subsequently Tealbook)
ontains both a point forecast of macroeconomic variables
ccompanied by a narrative describing and explaining
he point forecast, as well as a characterization of recent
conomic and financial developments. The forecast and
ccompanying narrative are hammered out in tandem
ver roughly a two-week period, and the narrative is
sually finalized with a day or two after the point forecast
s ‘‘closed’’.

Greenbook forecasts were produced monthly until
981; thereafter, their frequency dropped to eight per
ear. Our sample begins January 1970, shortly after the
taff’s quantitative quarterly forecast began to look for-
ard more than two quarters. Beginning in August 1974,
ext analysis is conducted on the text of Greenbook Part
, the Summary and Outlook, the section of the document
hat focuses on the forecast. Prior to the division of Green-
ook into Parts 1 and 2, our analysis uses the text from the
1100
section titled Recent Developments and Outlook for Do-
mestic Economic Activity. Our sample ends in December
2009, shortly before Greenbook was replaced by Tealbook
A, when Greenbook was consolidated with closely related
material from the (also retired) Bluebook.

We construct an index that quantifies the optimism
and pessimism of the Greenbook text, which we call
‘‘Tonality’’. Tonality is constructed as a weighted sum of
positive words minus a weighted sum of negative words.
To classify words as ‘‘positive’’ or ‘‘negative’’, we use for
our starting point the Harvard IV Psychosocial Dictionary,
a general dictionary of written English that identifies
words having either positive or negative connotations. We
construct the intersection of those word lists with the
words that appear at least once in our full set of docu-
ments. Positive words in our dictionary include terms like
‘‘enthusiasm’’, ‘‘abundant’’, ‘‘enhance’’, and ‘‘successful’’,
whereas examples of negative words include ‘‘unrest’’,
‘‘fragile’’, ‘‘trouble’’, and ‘‘gloomy’’. Because some words
that have a negative (or positive) connotation in conversa-
tional English do not normally have a negative (positive)
connotation in an economic forecasting, we cull these lists
to create a custom dictionary of 231 positive words and
102 negative words that appear in our documents.5 For
example, in contrast to the psycho-social dictionary, the
words ‘‘demean’’ or ‘‘hedge’’ would not be considered as
negative in an economic outlook context.

An alternative option might have been to use the
Loughran and McDonald (LM) dictionary, which was also
constructed starting with the Harvard dictionary, but they
cull out words that have a different connotation in ac-
counting documents (10Ks) issued annually by public
firms. For instance, the LM dictionary takes out words
such as ‘‘liability’’, a common balance sheet term, and
‘‘oversight’’, which in the 10-K often refers to as ‘‘some-
one with an oversight of a business area’’ rather than a
‘‘mistake in analysis’’. Seeing as the LM dictionary is tuned
to accounting and individual firm level discussion, we are
essentially following its authors general approach of us-
ing domain-specific knowledge to customize, rather than
simply adopting their dictionary, which was customized
for their domain.

Our approach to word counting is similar to Loughran,
, and McDonald (2011) and other older studies such as
Tetlock (2007), in that they also examine word frequency
without trying to gauge the context in which words are
used. By using the whole document to quantify the over-
all degree of optimism, irrespective of how words are
grouped, we have chosen not to use more elaborate meth-
ods of text analysis that would, for instance, attempt
to connect the words that convey sentiment with their
antecedents, such as particular topics or economic indi-
cators.6

5 For the list of positive and negative words, see the online
publication appendix A.
6 As one robustness check, we examined sensitivity of our scores

to the presence of signed words that follow negations. For example,
in the clause ‘‘GNP is likely to show no further rise’’, ‘‘rise’’ follows
‘‘no’’ and should not be counted as a positive word. To examine this,
we mute all words in a clause that follow words indicating negation
using the negation word list (no, never, not, nowhere, none) of Das
and Chen (2007) . The resulting negation-adjusted Tonality measure
has a 98 percent correlation with our Tonality measure.
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Fig. 1. Total words in the Greenbook. Note: Shaded regions represent NBER-dated recessions. Prior to 1981, Greenbooks were produced nearly every
month, and thereafter, the frequency was reduced to eight times a year.
Fig. 2. Proportion of Positive and Negative Words in the Greenbook. Note: Shaded regions represent NBER-dated recessions. Prior to 1981, Greenbooks
ere produced nearly every month, thereafter the frequency was reduced to eight times a year. The green line shows the positive words as a
roportion of total number of words in that Greenbook. The red line shows negative words as a proportion of total words. Proportions are expressed
s percentages. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
t
a
v
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While these more recent methods have the poten-
ial benefit of providing more context for the role of
entiment, they require a good deal of pre-processing
nd additional judgment, for instance, on what subjects
o focus on or how to group them, or how to classify
‘nearby’’ words in text space. It would presumably also
xclude a lot of information such as the descriptors of
he many other economic variables that are related to
he specific indicators on which we focus. In some cases,
reenbook narrative speaks to inflation and unemploy-
ent in the same sentence, but how to apportion the
arrative sentiment in that sentence might be easy for a
uman reader to grasp but hard for a program to decipher.
s the first study to analyze the sentiment that accompa-
ies the Fed staff forecast, we chose to begin by studying
he information content of overall sentiment.

Fig. 1 shows the time series of the total word counts
rom Greenbook Part I (or its pre-August 1974 equivalent)
or our entire sample period. As shown, in the earlier
orecast documents, the word count from the outlook sec-
ion ran at only about 2000 words. After the restructuring
n August 1974, the count quickly moved up to about
000 words, where it hovered until 1990, after which
he document gradually ramped up to about 9000 words.
ig. 2 shows the number of positive and negative words
s a percent of the total word count in each Greenbook.
n most documents, the frequency of positive words is
ar above that for negative words. Also apparent from
his picture, prior to the August 1974 restructuring, the
ercentage of positive words per document appears to
ave been considerably more variable from one document
o the next.
1101
The Tonality index value of a document compares the
number of positive and negative words in its text, us-
ing a weighting scheme in which a word’s frequency
of appearance in any given Greenbook is normalized by
its average frequency in other Greenbooks, a weighting
scheme commonly known as term frequency-inverse doc-
ument frequency (tf-idf).7 Specifically, the weight for each
word is equal to its current-document frequency (tf) mul-
tiplied by the inverse of its other-documents frequency
(idf). For all but the first 40 documents in our sample,
we use the previous 40 Greenbooks as the corpus for
obtaining the idf values for a given Greenbook. For each
of the first 40 documents in our sample, the corpus used
for normalization is simply the first 40 documents.8

The tf-idf weighing scheme is based on the intuition
hat infrequently used words are especially informative
nd so receive relatively high weight in the index, whereas
ery frequently used words are discounted. Common ap-
lication of tf-idf scheme would have used the inverse
ocument frequency over all the Greenbooks. We chose
moving window of roughly five years to account for

7 In the information retrieval and text analysis literature the tf-idf
weighing scheme is a commonly used metric to gauge the importance
of a word in a collection of documents (or a corpus). Loughran et al.
(2011) first used tf-idf weight in the finance literature to quantify SEC
filings by U.S. firms.
8 In addition, we treat the set of documents prior to August

1974 as a separate corpus, not necessarily comparable to the later
documents; thus, we use solely pre-August 1974 set of documents for
measuring the inverse document frequency for these early documents,
and similarly for the post-August 1974 set of documents.
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Fig. 3. Greenbook Tonality plotted over time. Note: Shaded regions represent NBER-dated recessions. Tonality is standardized to have a zero mean
and a standard deviation equal to one. Tonality is shown in green when it is positive and in green when negative. Prior to 1981, Greenbooks were
produced nearly every month, and thereafter, the frequency was reduced to eight times a year. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
changes over time in Greenbook writing style. Neverthe-
less, the correlation between 40-greenbook rolling win-
dow tf-idf scores and a simple tf-idf scheme that ‘‘sees’’
all greenbooks is over 95 percent, suggesting the choice of
window does not have a substantial effect on our measure
of Tonality. Finally, the Tonality index is standardized to
have zero mean and standard deviation equal to one. We
adapt the Python machine learning library Scikit-learn
Pedregosa et al. (2011) for tf-idf scoring of Greenbooks.

Fig. 3 shows the Tonality index plotted over the full
sample period, with positive (above average) sentiment
levels indicated in green and negative levels indicated in
red. As one might expect, Tonality appears to be procycli-
cal, with the large majority of observations during re-
cessions being in negative (below average) territory, and
a mixture of positive and negative observations during
expansionary periods. Among the most deeply negative
readings of Tonality are observations in the year leading
up to and during the Great recession as well as the 1974–
75 recession. The most noticeable run of highly positive
readings was during the mid-1990s. Despite these cycli-
cal tendencies, Tonality also appears to be quite volatile,
exhibiting spikes that are often quickly reversed. An im-
portant consideration is whether these high frequency
movements reflect noise in our measure of sentiment or
informative innovations.

If the sentiment reflected in Tonality contains infor-
mation about the perceived state of the economy going
forward, then it would seem plausible that the underlying
lower-frequency trend in Tonality might contain the lion’s
share of that information. We can think of two reasons
that the higher-frequency movements in Tonality may
convey less information about underlying sentiment. First,
at the individual document level, may be noise created
by the fact that the authors contributing to Greenbook
change from one forecast round to the next, and authors
might contribute idiosyncratic elements to the language
used in the text. Perhaps even more important, while an
important element of forecast characterization focuses on
the underlying trend, a nontrivial portion of the words
may be more about characterizing revisions to the forecast
from the previous Greenbook. Such revisions might be
negative even when the underlying trend is positive, and
vice versa.

In order to explore the information value of the high-

and low-frequency components of Tonality separately, we

1102
consider an unobserved components model of the level of
Tonality. Moreover, since the macroeconomic literature is
littered with evidence that volatility of economic variables
changes over time, we use an unobserved components
model with stochastic volatility (UCSV). To the extent that
there is variation over time in the volatility of inflation
(as in Stock and Watson ((2007)) or in economic growth
(giving rise to the ‘‘great moderation’’ view), one might
naturally expect the same dynamics in the forecast narra-
tive sentiment. From this model, we extract a smoothed
measure of Tonality that reflects low frequency move-
ments plus a residual. We call the smoothed component
of Tonality, Trend Tonality, while we call the residuals,
Tonality shocks.9

Fig. 4 shows the resulting times series plot for Trend
Tonality, along with (raw) Tonality. The cyclical pattern in
this smoothed measure of sentiment stands out a bit more
clearly. Consistent with this interpretation of the residual
(Tonality minus trend-Tonality) as Tonality shocks, the
autocorrelation coefficient for the residual is close to zero
(0.04).

Word clouds depicting the 50 most prominently used
positive and negative words in Greenbook during two
different time spans (1994–1999, 2005–2009) are shown
in Fig. 5. The upper panel shows two side-by-side word
clouds for the 50 most prominent positive words in Green-
books during the two periods. Word size is proportional
to its contribution to Tonality, that is, its contribution to
the sum of tf-idf weights during the five-year window.
Overall, the positive word cloud is a bit bigger during
the later period. The substantial overlap in influential
words during these two periods suggests little drift over
time in the sentiment-related language used. The most
important positive word in both periods is ‘‘upward’’,
followed closely by ‘‘positive’’. On the other hand, the

9 Because the pre-1980 sample used Greenbook forecasts that were
produced monthly, rather than eight times per year, we estimate the
model parameters for the pre-1981 subsample separately. In previous
versions of the paper, trend Tonality was measured as an exponentially
weighted moving average (EWMA) of current and past Tonality, which
is consistent with a trend produced by an unobserved components
model with constant volatility. Following the suggestions of an anony-
mous referee, we estimated the stochastic volatility (UCSV) model
and reject the hypothesis of constant volatility. Even so, the resulting
measure of trend Tonality is highly correlated with the previous version
based on the EWMA.
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Fig. 4. Greenbook Tonality and Trend Tonality plotted over time. Note: The black line shows the time series for Trend Tonality. Shaded regions
epresent NBER-dated recessions. Tonality is standardized to have a zero mean and a standard deviation equal to one. Prior to 1981, Greenbooks
ere produced nearly every month, and thereafter, the frequency was reduced to eight times a year. Tonality is shown in green when positive and

n red when negative. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
ords ‘‘favorable’’ and ‘‘moderation’’ are more prominent
uring 1994–1998.
The lower panel shows two side-by-side word clouds

or the 50 most prominent negative words in Greenbooks
uring the same two periods. The most prominent nega-
ive word in both samples is, indeed, ‘‘negative’’, followed
y ‘‘sluggish’’. Overall, negative words are more promi-
ent in the later period as indicated by the larger word
izes in that cloud. For example, the words ‘‘adverse’’ and
‘sluggish’’ are more prominent in 2005–2009 period.

.2. Comparing Greenbook Tonality with alternative senti-
ent measures

While there has been a proliferation in choices for
ictionaries used to gauge sentiment in economic and fi-
ancial research one of the early approaches that remains
airly popular is the classification introduced by Loughran
t al. (2011). Thus, readers might thus be interested in
ow Tonality compares with a measure based of Green-
ook sentiment built using their dictionary. The most
ommonly used sentiment measure from Loughran and
cDonald’s work gauges the prevalence of negative sen-

iment words only. For purposes of comparison, however,
e use the LM word classification to gauge net sentiment
LM-Net), that is, the prevalence of positive sentiment
inus the prevalence of negative sentiment, analogous to
ur construction of Tonality.
In brief, we find that, over the full sample, the corre-

ation of Tonality with LM-Net is quite modest, at 16 per-
ent; not surprisingly, Tonality’s correlation with the stan-
ard LM measure that uses only negative word counts-
s even lower, at 6 percent. A visual sense of how the
ow-frequency movements in LM-Net compare to those
f Tonality is shown in Fig. 6, which plots Trend Tonality
long with a similarly smoothed measure of LM-Net.
roadly speaking, the two series do not appear to have
ny consistent relationship. In particular, over sizable
tretches of the sample, such as the early 1970s and over
he 1990s, the two series exhibit a strong negative cor-
elation, followed by long stretches of fairly high positive
orrelation.
Another fairly widely used metric of sentiment ex-

racted from narrative text in the literature, also relevant
o our context, is measures economic uncertainty. Among

he most prominent of these comes from the widely cited

1103
study by Baker et al. (2016). They construct a measure of
uncertainty expressed in news articles, named the Eco-
nomic Policy Uncertainty index, or EPU. The EPU gauges
the relative frequency of ‘‘uncertainty’’ mentions along-
side key words that invoke economic, monetary policy, or
government policy uncertainty. Because the Greenbook,
particularly the section we analyze, consists entirely of
economic commentary, our adaptation simply involves
counting mentions of ‘‘uncertainty’’ and ‘‘uncertain’’ as a
fraction of the total word count in Part I of each Green-
book. The resulting measure is plotted in Fig. 7, alongside
the time series for EPU. Notably, in a substantial fraction
of the documents, there are no mentions of uncertainty;
and, in particular, there are very few mentions of un-
certainty even in the run-up to the 2008–2009 financial
crisis.10

3.3. Correlation of Tonality with Greenbook point forecasts
and other factors

To begin examining the informational content of our
text sentiment measures, we calculate their correlations
with numerical point forecasts from the associated Green-
book. In particular, we examine simple correlations be-
tween Tonality and point forecasts for three key economic
performance variables: inflation, the unemployment rate,
and GDP growth. The first two are the components of
the Fed’s ‘‘dual mandate’’ and are of obvious importance.
The third, GDP growth, is perhaps the most frequently
cited summary statistic of economic performance, and
properties of GDP forecasts have received ample attention
in the literature. We gauge the forecast of each economic
variable for the quarter ahead and over the four-quarter
horizon: for the latter, we measure the forecast of cumu-
lative inflation, cumulative GDP growth, and the change
in the unemployment rate, each over the subsequent four
quarters out (with the current-quarter forecast as the
base). We also correlate Tonality with the revisions to
the four-quarter forecasts relative to the previous Green-
book. Finally, to gauge the perceived state, or level, of

10 Towards the end of our sample, Federal Reserve staff added a
separate ‘‘Risk and Uncertainty’’ section to the Greenbook.
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conomy activity at the time of the forecast, we use the
urrent-quarter forecast of the unemployment rate.11

The correlations of Tonality and its two subcompo-
ents with four-quarter forecasts, and with revisions to
hose forecasts are shown in the top section of Table 1.
he first clear takeaway is that many of the correlations
etween the forecast measures with Tonality and Trend

11 4-quarter revisions are measured as changes to the outlook only
3 quarters out. For most observations, constructing revisions to the 4-
quarter outlook would require having the lagged value of the 5-quarter
outlook, which is frequently unavailable.
 s

1104
Tonality are fairly strong, and their signs accord with intu-
ition. Forecast narrative sentiment as measured by Tonal-
ity is positively related to expected GDP growth and nega-
tively related to both expected changes in unemployment
and expected inflation. Interestingly, all three 4-quarter
economic forecasts, as well as current-quarter unemploy-
ment, are at least qualitatively more strongly correlated
with Trend Tonality than they are with raw Tonality. In
contrast, correlations of with revisions to the GDP and
nemployment forecasts are of somewhat smaller mag-
itude for Trend Tonality; and only forecast revisions
for unemployment and GDP) are correlated with Tonality
hocks, again with the intuitive sign. This suggests that
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Fig. 6. Trend Tonality and LM-Net plotted over time. Note: Shaded regions represent NBER-dated recessions. Prior to 1981, Greenbooks were produced
nearly every month, thereafter the frequency was reduced to eight times a year. The black line shows Trend Tonality and the dashed blue line is
the analogous smoothed measure built from the Loughran et al. (2011) dictionary (LM-Net). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
Fig. 7. Greenbook Uncertainty plotted over time. Note: Shaded regions represent NBER-dated recessions. Prior to 1981, Greenbooks were produced
nearly every month, thereafter the frequency was reduced to eight times a year. Instances of ‘Uncertain’ and ‘Uncertainty’ are used to create count
of uncertain words, shown as percent of total words (black line); the blue line shows the Baker-Bloom-Davis Economic Policy Uncertainty (EPU)
index. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
some of the variations in Tonality is driven by the di-
rection of revisions from the previous forecast, and that
‘‘influence’’ appears to be reflected in the residual, or
shock, component of Tonality.12

The lower section of Table 1 shows correlations of
Tonality with variables found in other recent studies
to help predict economic performance or forecast er-
rors. As shown, Tonality displays only a small negative
correlation with EPU-BBD, the Baker-Bloom-Davis mea-
sure of uncertainty expressed in newspaper text over
the inter-Greenbook period, and similarly with EPU-Gbk,
the Greenbook uncertainty as gauged by applying the
analogous methodology to the Greenbook text. In con-
trast, Tonality and Trend Tonality even more so, display
a strong negative correlation with both MacroUnc, the
economic uncertainty measure devised by Jurado et al.
(2015), and NFCI, the financial conditions index published
by the Federal Reserve Bank of Chicago. Lastly, we find
that S&P 500 returns over the inter-Greenbook period are
moderately positively correlated with both measures of
Tonality. Finally, the positive correlation between Tonality
Shock and stock returns indicates that innovations to
Tonality are related to the news driving the recent stock
returns.

12 It might be of interest to some readers how the LM-Net measure
of sentiment (based on Loughran et al. (2011) dictionary) correlates
with Greenbook forecasts. In brief, we find that it has a very similar
correlation with the outlook for GDP growth and unemployment. In
contrast to Tonality, however, it has a strong positive correlation with
inflation and with the current-quarter unemployment.
1105
4. Greenbook Tonality as contributor to forecast

4.1. Univariate predictor of forecast errors

Having established a strong connection between the
point forecasts of key economic performance measures
and our measure of sentiment from the forecast narra-
tive of the same document, our analysis turns to the
central question of interest: does that measure of senti-
ment, Tonality, provide incremental predictive power for
these measures of economic performance? Specifically,
does Tonality contain information regarding future GDP
growth, unemployment, or inflation beyond what is con-
veyed by the corresponding point forecasts? To gauge the
predictive content of Tonality, we begin by estimating
univariate regressions that test whether Tonality has the
power to predict forecast error Fed staff. The dependent
variable in each regression is the realized forecast error,
while the explanatory variable is Tonality of the nar-
rative from the corresponding Greenbook. For GDP, the
forecast error is measured relative to the third quarterly
GDP estimate (‘‘first final’’) published by the BEA. For CPI
and unemployment, we use the initial monthly release
values, compiled into the quarterly values. More details
are provided in the Internet appendix.

For each economic forecast variable and horizon, OLS
is used to estimate the conditional expected forecast error
as a linear function of either Tonality or Trend Tonal-
ity. In addition, for each forecast, we estimate quantile
regressions to provide estimates of the 10th and 90th
quantiles of the forecast error distribution, conditional on
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Table 1
Correlation matrix: Text sentiment against Greenbook forecast variables and other
information measures.

Tonality Trend Tonality Tonality Shock

4-qtr ∆ GDP forecast 0.22b 0.24b 0.09
4-qtr ∆ GDP forecast revision 0.26b 0.19b 0.21b

4-qtr ∆ Unemp forecast −0.33b
−0.41b

−0.10
4-qtr ∆ Unemp forecast revision −0.27b

−0.21b
−0.20b

4-qtr ∆ Inflation forecast −0.33b
−0.51b 0.00

4-qtr ∆ Inflation forecast revision −0.10 −0.16b 0.00
Current-qtr unemployment −0.07 −0.15b 0.04

EPU-Gbk −0.16b
−0.14b

−0.11a

EPU-BBD −0.12a
−0.07 −0.12a

MACROU −0.47b
−0.67b

−0.05
NFCI −0.47b

−0.66b
−0.05

Gbk stock return 0.22b 0.19b 0.15b

Notes: Correlation coefficients are computed pairwise. 4-qtr ∆ GDP is the cumulative
4-qtr GDP forecast from the previous quarter. GDP Revision is the revision to the 4-Qtr
GDP from the previous greenbook. Unemployment and Inflation forecast and revision are
similarly defined with respect to the change in umeployment rate and cumulative change
in inflation. Of the non-forecast terms, EPU-Gbk is the scaled count of ‘‘uncertain’’ and
‘‘uncertainty’’ in the Greenbook texts, while EPU-BBD is the Economic Policy Uncertainty
index (Baker, Bloom and Davis 2016). MACROU and NFCI are short for the Macroeconomic
Uncertainty and the Federal Reserve Bank of Chicago’s National Financial Conditions Index
respectively. The final row is the cumulative stock return between Greenbook releases.
ap<0.05.
bp<0.01.
Table 2
Regressions predictiong forecast errors with Tonality or Trend Tonality OLS and quantile (10,90) regression statistics.
Forecast error Regressor OLS 10th percentile 90th percentile

Coef. p-val R2 Coef. p-val R2 Coef. p-val R2

GDP 1-qtr Tonality 0.16 0.03 0.03 0.31 0.00 0.08 0.08 0.28 0.00
GDP 1-qtr Trend Tonality 0.33 0.02 0.05 0.64 0.00 0.14 0.05 0.74 0.00
GDP 4-qtr Tonality 0.45 0.03 0.04 0.75 0.00 0.07 0.21 0.29 0.00
GDP 4-qtr Trend Tonality 1.10 0.02 0.12 1.86 0.00 0.17 −0.22 0.42 0.00
Unemp 1-qtr Tonality −0.05 0.06 0.02 0.06 0.02 0.00 −0.16 0.00 0.05
Unemp 1-qtr Trend Tonality −0.09 0.07 0.02 0.06 0.25 0.00 −0.25 0.00 0.09
Unemp 4-qtr Tonality −0.23 0.01 0.07 0.00 1.00 0.00 −0.47 0.00 0.12
Unemp 4-qtr Trend Tonality −0.49 0.01 0.14 0.04 0.58 0.00 −0.98 0.00 0.26
CPI 1-qtr Tonality −0.01 0.74 −0.00 0.12 0.00 0.05 −0.15 0.00 0.04
CPI 1-qtr Trend Tonality −0.05 0.51 0.00 0.19 0.00 0.07 −0.33 0.00 0.09
CPI 4-qtr Tonality −0.02 0.93 −0.00 0.55 0.00 0.07 −0.49 0.06 0.02
CPI 4-qtr Trend Tonality −0.14 0.72 0.00 1.05 0.00 0.13 −1.32 0.00 0.09

Notes: Results are from univariate regressions of forecast error on Tonality and Trend Tonality from January 1972 through
December 2009. Columns 1, 4 and 7 report the Tonality and Trend Tonality coefficients from OLS and quantile regressions.
P-values from OLS regressions in column 2 are computed using standard errors corrected for autocorrelation following (Newey
& West, 1994) using (2*k + 1) lags for k quarter out forecast error. For quantile regressions, p-values in columns 5 and 8
follow from wild-bootstrap standard errors (Feng, He, & Hu, 2011) with 1000 resamples. The Psuedo R2 statistics as described
in (Koenker and Machado 1999) are in columns 6 and 9. Bold blue indicates significant at the 5% level.
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onality. This allow us to gauge whether Tonality signals
nformation about the tails of the forecast error distri-
utions: do downside or upside tail risks to the forecast
ary notably with Tonality? Table 2 provides the results
rom all these regressions, with statistically significant
oefficient estimates highlighted in blue.
Focusing first on the OLS regressions in the block of

hree columns to the left, the first four rows show re-
ressions where the dependent variable is either the one-
uarter or four-quarter forecast error for GDP growth. As
hown in rows one and three, the OLS coefficients on
onality are positive and significant for predicting GDP
rowth forecast errors at both the one-quarter and four-
uarter horizons. This implies that, when the text senti-
ent is more positive, GDP growth will tend to exceed
1106
oint forecasts, though modest the R-squared statistics
f 0.03 and 0.04, respectively, suggest the information
ontent is not very substantial, on average, at either hori-
ons. The second and fourth rows show results when
DP forecast errors are regressed on Trend Tonality. The
oefficients are again positive and somewhat larger, re-
lecting the lower variance of Trend Tonality, but here the
xplanatory power is more substantial, particularly for the
our-quarter forecast, with an R-squared equal to 0.12.

Turning to the remaining OLS regressions, those used
o predict unemployment forecast errors are shown in
he middle left block of rows. The results here are en-
irely analogous to the results for GDP, but with co-
fficient signs reversed. In these regressions, a positive
rror, (higher than expected unemployment) represents
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Table 3
Marginal effects of Trend Tonality on forecast errors with control variables (Four quarter forecasts)

OLS 10th percentile 90th percentile

Coef. p-val R2 Coef. p-val R2 Coef. p-val R2

4-qtr GDP error on Tonality
No control 0.45 0.03 0.04 0.75 0.00 0.07 0.21 0.26 0.00
Ctrl for MACROU 0.51 0.00 0.04 0.32 0.01 0.18 0.51 0.01 0.13
Ctrl for NFCI 0.45 0.00 0.04 0.36 0.02 0.17 0.48 0.01 0.09
Ctrl for stock return 0.38 0.06 0.06 0.72 0.00 0.09 0.14 0.56 0.01
Ctrl for revision 0.46 0.04 0.04 0.80 0.00 0.08 −0.05 0.81 0.01
4-qtr GDP error on Trend Tonality
No control 1.10 0.02 0.12 1.86 0.00 0.17 −0.22 0.44 0.00
Ctrl for MACROU 1.91 0.00 0.18 1.13 0.00 0.22 1.79 0.00 0.20
Ctrl for NFCI 1.57 0.00 0.14 1.26 0.00 0.21 1.46 0.00 0.12
Ctrl for stock return 1.02 0.03 0.13 1.59 0.00 0.19 −0.32 0.20 0.01
Ctrl for revision 1.11 0.02 0.12 1.89 0.00 0.18 0.01 0.97 0.01
4-qtr unemployment error on Tonality
No control −0.23 0.01 0.07 0.00 1.00 0.00 −0.47 0.00 0.12
Ctrl for MACROU −0.14 0.04 0.10 −0.07 0.18 0.04 −0.14 0.02 0.24
Ctrl for NFCI −0.15 0.09 0.11 −0.04 0.51 0.01 −0.18 0.03 0.19
Ctrl for stock return −0.19 0.01 0.11 −0.01 0.85 0.01 −0.40 0.00 0.18
Ctrl for revision −0.22 0.01 0.07 −0.02 0.76 0.00 −0.45 0.00 0.12
4-qtr unemployment error on Trend Tonality
No control −0.49 0.01 0.14 0.04 0.55 0.00 −0.98 0.00 0.26
Ctrl for MACROU −0.44 0.03 0.14 −0.18 0.07 0.05 −0.61 0.00 0.27
Ctrl for NFCI −0.43 0.07 0.14 −0.05 0.62 0.01 −0.81 0.00 0.26
Ctrl for stock return −0.44 0.01 0.17 0.03 0.73 0.01 −0.93 0.00 0.27
Ctrl for revision −0.48 0.01 0.14 0.04 0.61 0.00 −0.98 0.00 0.26

Notes: Results are from regressions of forecast error on Tonality and Trend Tonality from January 1972 through December 2009.
The controls Macroecomic Uncertainty (MACROU from Jurado et al., 2015), the Federal Reserve Bank of Chicago’s National
Financial Conditions Index (NFCI), the market return between green books (Stock Return), and the change in forecast from
the prior greenbook (Revision). Columns 1, 4 and 7 report the Tonality and Trend Tonality coefficients from OLS and quantile
regressions. P-values from OLS regressions in column 2 are computed using standard errors corrected for autocorrelation
following (Newey & West, 1994) using (2*k + 1) lags for k quarter out forecast error. For quantile regressions, p-values in
columns 5 and 8 follow from wild-bootstrap standard errors (Feng, He and Hu 2011) with 1000 resamples. The Psuedo R2

statistics as described in (Koenker and Machado 1999) are in columns 6 and 9. Bold blue indicates significant at the 5% level.
bad news; thus, the results indicate that higher sentiment
predicts less unemployment than the point forecast. As in
the GDP regression, Trend Tonality again tends to provide
a stronger signal of the likely forecast error that does raw
Tonality, particularly at the four-quarter horizon, where
the R-squared is 0.14. The third set of OLS regression
results shown in the bottom left block predict forecast
errors for CPI growth. Here we find that Tonality, by
either measure, has no predictive power for mean forecast
errors.

Regression testing whether Tonality conveys informa-
tion about the tails of the forecast errors distributions are
exhibited in the remainder of the table. The middle three
columns show statistics from predicting the 10th quan-
tile of forecast errors, while the rightmost three columns
show estimates for the 90th quantile. Considering first
the results for GDP growth forecasts, the estimated co-
efficients from the 10th quantile regression generally are
about twice the size of the respective OLS estimates of
mean effects, and they are significant at the 1 percent
level for both horizons, with R-squared statistics that
range as high as 17 percent. As in the OLS regressions,
Trend Tonality appears to convey substantially more sig-
nal than raw Tonality. In contrast, statistics in the top
block of the last three columns (top block) indicate that
tonality has no explanatory power for GDP forecast errors
in the 90th quantile regressions.13

13 Despite the fairly compact cloud of observations in Figure VIII,
one might be concerned that the stronger Tonality effect for the 10th
1107
The top two panels of Fig. 8 show a scatter plot of
forecast errors for GDP growth four quarters ahead, re-
spectively, plotted against Tonality to the left and Trend
Tonality to the right. The blue line in each figure depicts
the OLS regression line while the other lines show the
estimated 10th, median, and 90th quantiles of the forecast
errors conditioned on its respective version of Tonality.
While close inspection reveals the OLS lines to be up-
ward sloping for both measures of sentiment, the more
striking pattern is the asymmetry in the signal conveyed,
particularly by Trend Tonality: the 10th quantile line is
more steeply upward sloping than the OLS line, whereas
the 90th quantile line appears to be flat. Consistent with
the statistical results in Table 2, this picture shows that
lower sentiment predicts realizations that tend to fall
short of forecast, but the strongest signal from Tonality
is for downside tail risk, gauged by the slope coefficient
from the 10th quantile of forecast errors.

As illustrated by the quantile regression statistics for
unemployment forecast errors, as well as by the scatter
plot and regression lines depicted in the middle two pan-
els of Figure VIII, the findings for unemployment forecasts
are quite consistent with the results for GDP forecasts.

percentile could be driven by outliers. However, we still find a similar,
if somewhat less definitive, pattern of asymmetry using the 25th and
75th percentiles. Additionally, when we estimated Kernel regressions
as an alternative approach for identifying nonlinearities, we found that
the effect of Tonality was strongest when Tonality was low.
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Fig. 8. Regressions Predicting Forecast Errors: OLS, 10th and 90th Quantiles. Note: The top two panels show scatter plots of forecast errors for GDP
rowth four quarters ahead, plotted against Tonality on the left and Trend Tonality on the right. The middle and bottom panels show analogous
lots for unemployment and inflation forecast errors. In each panel, the blue line depicts the OLS regression line, while the other lines show the
stimated 10th, median, and 90th quantiles of the forecast errors conditioned on Tonality or Trend Tonality. (For interpretation of the references to
olour in this figure legend, the reader is referred to the web version of this article.)
onality has strong predictive power for the 90th quantile
f forecast errors, when unemployment is much higher
han expected, which, again is the tail that reflects bad
1108
news. Tonality has no predictive power for the 10th quan-
tile of unemployment forecast errors. Also analogous with
GDP forecast error predictions, the predictive power in
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the bad news tail is much stronger for Trend Tonality than
for raw Tonality, particularly at the four-quarter horizon,
where the pseudo-R-squared is 0.26.14

The results for CPI forecast errors are, again, quite dif-
ferent. As noted earlier from the OLS regressions, Tonality
(and Trend Tonality) has no predictive power for mean
CPI forecast errors. However, as indicated by the bottom
panels in Figure VIII, the quantile regressions imply that
lower Tonality predicts both greater downside risk as well
as greater upside risk to inflation, that is, the predominant
effect of lower Tonality is higher forecast error variance.
Indeed, the third block of rows in Table 2 confirms that
these tail effects are statistically significant. It also sug-
gests that, as in the GDP and unemployment regressions,
the information content appears to be concentrated in
Trend Tonality, rather than the Tonality Shock.

Broadly speaking, these results in some sense mir-
ror key findings in Adrian et al. (2019) and particularly
Adams, Adrian, Boyarchenko, and Giannone (2020) . These
studies examined how the conditional distributions of
the same three economic variables varies with financial
conditions, measured by the Federal Reserve Bank of
Chicago’s National Financial Conditions Index (NFCI). In
quantile regressions, they find that downside risks to
forecasts of GDP and upside risks to forecasts of un-
employment increase substantially with less favorable
financial conditions. In addition, they find that the finan-
cial conditions index conveys no information for predict-
ing mean inflation forecast errors, but that less favorable
financial conditions boosts both upside and downside
risks to inflation forecasts. Similarly, Hennge (2019) an-
alyzed how the conditional distribution of GDP growth
varies with the well-motivated measure of economic un-
certainty (MacroUnc) introduced by Jurado et al. (2015)
. She finds that, like the NFCI, MacroUnc contains sub-
stantial predictive information regarding downside risks
to future GDP growth, but little information about upside
risks.

4.2. What factors might be reflected in Tonality?

The similarity of empirical relationships in those three
studies to the relationship we find between forecast nar-
rative sentiment and subsequent errors to the staff’s eco-
nomic forecasts suggests that Tonality may be strongly
influenced by financial conditions and uncertainty. In-
deed, the plausibility of this hypothesis is supported by
the strong correlation reported in Table 1 between each of
those two variables and Tonality. This raises the question,
then, of whether the conditioning information in Tonality
simply reflects the information in MacroUnc or NFCI.

This question, as well as other hypotheses regarding
the nature of Tonality’s predictive information, are tackled

14 An anonymous referee suggested trying to corroborate our inter-
pretation of Tonality as a signal of the balance of perceived risks to
growth relative to point forecasts by comparing Tonality with similarly
timed density forecasts from the Survey of Professional Forecasters
(SPF), studied for instance in Clements (2008) . We construct measures
of the skew, or the relative distance of the 10th and 90th percentile
tails in the SPF density forecast distribution from SPF consensus point
forecasts, but we find no relationship with Tonality.
1109
in forecast error regressions reported in Table 3, where
we simultaneously condition on Tonality and other vari-
ables that might influence sentiment or predict forecast
errors. For this analysis, we focus on GDP and unem-
ployment forecasts, the variables for which Tonality was
found to predict mean forecast errors. We focus on the
four-quarter forecasts for those two variables, the horizon
for which the explanatory power of Tonality and other
conditioning variables is highest. Beginning with the ef-
fect of Tonality on four-quarter GDP forecast error, the
first row shows (once again) the key univariate regres-
sion results, the coefficient on Tonality, its p-value, and
the regression R-squared from the OLS, 10th, and 90th
quantile regressions. The subsequent four rows show the
analogous statistics for the Tonality coefficient when we
control for a competing candidate predictor. The block
of regression statistics below pertains to the same set of
regressions but with Trend Tonality.

In the case of GDP forecast errors, Tonality by itself is
significant with a positive coefficient in the OLS regres-
sion and an R-squared of 4 percent. As before the 10th
quantile coefficient is double this magnitude with an R-
squared of 7 percent, while the 90th quantile coefficient
is insignificant. Controlling for MacroUnc, does not alter
the estimated effects of Tonality on the mean forecast
error; however, doing so does eliminate the asymmetry
in Tonality’s marginal effects, with Tonality’s coefficient
becoming markedly larger and significant in the 90th
quantile regressions, but shrinks some in the 10th quan-
tile regression. Its effect is highly significant in all three
regressions. This suggests at least some of the asymme-
try in the predictive power of Tonality shares reflects a
relationship with uncertainty.

Interestingly, as shown in the subsequent line, control-
ling instead for NFCI leads to very similar results. All told,
when we allow MacroUnc or NFCI to, in effect, control
for downside risk, Tonality continues to have marginal
predictive power, though now roughly similar across the
quantiles. The takeaway is that, despite its sizable corre-
lations with MacroUnc and NFCI, and the commonality
of their signals regarding downside risk, the predictive
information in Tonality for GDP growth is, at least in part,
distinct from that signaled by each of these variables.

The other two control variables we examine—the inter-
Greenbook period stock return and the Greenbook fore-
cast revision, considered in the subsequent two lines—can
be interpretated as signals of recently received informa-
tion that the staff might have been slow to incorporate
into point forecasts. If the explanatory power of Tonality
resulted largely due to the forecast being sluggish to
adjust but the narrative being more nimble, then in-
cluding the forecast revision or the recent stock market
return might diminish the marginal explanatory power
of Tonality. When controlling for inter-Greenbook stock
return, we find that the OLS coefficient on Tonality is
somewhat lower and only marginally significant, while
the regression R-squared rises. In contrast, including stock
return has no effect on Tonality’s coefficient in the 10th
quantile regression, which remains highly significant. Fi-
nally, including the forecast revision has no effect on our
results.
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Fig. 9. Realized four-quarter GDP Growth versus Forecast. Note: Scatter plot of forecast against realized value of four-quarter GDP growth. Forecasts
made when macroeconomic uncertainty (MacroUnc) was in the top quartile of historical values are denoted by a red dot. Points that fall on the
blue line (with 45 degree slope) when forecasts perfectly align with the realization. Dots far away from the line indicate forecasts with high forecast
error. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
,

The next block of regressions, which examine the ef-
fects of the various controls on our inferences regarding
Trend Tonality, finds largely similar results, except that
the statistical significance of Trend Tonality always re-
mains. As with Tonality, adding MacroUnc or NFCI appears
to boost the estimated marginal effects of Trend Tonality,
most notably in the upper quantile regressions. Finally,
among all of the control candidates, MacroUnc appears to
add the most to the regressions’ explanatory power.

For unemployment forecast errors, the results are quite
analogous to those in the GDP regressions. The one excep-
tion to Tonality’s robust marginal effects is that control-
ling for NFCI in the Unemployment regressions somewhat
reduces the magnitude of the negative OLS coefficient on
Tonality (or Trend Tonality), leaving it only marginally
significant. However, Tonality’s effects in the 90th quan-
tile regression remain quite robust after controlling for
the NFCI, as are all its OLS and quantile effects when
controlling for other variables.

4.3. When is Tonality most informative?

For forecasts of GDP growth and unemployment, the
evidence indicates that Tonality is informative both about
the mean expected outcome and, perhaps even more
so, about downside risks to economic activity. Now we
examine the ex ante conditions under which Tonality is
likely to be most informative. In particular, it is useful
to consider whether Tonality is more informative about
the likely direction of forecast errors when, for instance,
uncertainty is relatively high, particularly in light of the
1110
incremental predictive information we find when includ-
ing MacroUnc in Table 3. First, it is useful to gain some
perspective on how GDP forecasts and the associated fore-
cast errors are related to macroeconomic uncertainty, as
gauged by MacroUnc, which is shown in Fig. 9. The scatter
plot shows realized four-quarter GDP growth (vertical
axis) plotted against the associated forecast produced in
Greenbook four quarters earlier.

Observations for which uncertainty is high—specifically
when MacroUnc is within the top quartile of its range—are
shown by red dots; the remaining observations, charac-
terized by moderate to low uncertainty, are shown by
black squares. The distance of any point from the diago-
nal line indicates the size of the realized forecast error.
A few interesting observations can be drawn from this
picture. First, consistent with intuition, forecasts made
under high uncertainty tend to result in larger average
forecast errors. In particular, the root mean squared fore-
cast error among the red (high uncertainty) observations
was 3.4 percent, compared to 1.5 percent among the
other observations. Second, it is notable that the vast
majority of forecasts projecting subpar growth, such as
growth below 2.5 percent, were made when uncertainty
was high. More, among these observations, the correlation
between forecast and realization appears quite low.

We consider the following hypotheses: Does Tonal-
ity convey more information when MacroUnc is high?
Similarly, does tonality convey more information when
the GDP forecast calls for subpar growth, compared to
other times? While these hypotheses appear somewhat
redundant given our observations from the figure, an
inference which is conditioned on the GDP forecast has
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Table 4
OLS regressions of realized performance on forecast and Trend Tonality comparing subsamples with low
vs. high uncertainty.
Dependent variable: Realized four-quarter GDP growth

Low uncertainty High uncertainty

Forecast 0.71b 0.75b 0.84b 0.71b 0.49b
−0.07

(0.06) (0.06) (0.05) (0.14) (0.15) (0.12)
Tonality 0.33b 1.29b

(0.09) (0.44)
Trend Tonality 1.06b 7.34b

(0.15) (0.78)
Intercept 1.10b 0.84b 0.26 0.07 1.23a 5.72b

(0.28) (0.27) (0.26) (0.36) (0.55) (0.61)

Observations 240 240 240 84 84 84
Adjusted R2 0.40 0.43 0.50 0.20 0.28 0.58
Residual std. error 1.43 1.40 1.30 3.27 3.12 2.37

Dependent variable: Realized four-quarter change in unemployment

Low uncertainty High uncertainty

Forecast 1.06b 1.06b 1.07b 0.94b 0.72b 0.45b

(0.06) (0.06) (0.06) (0.17) (0.16) (0.14)
Tonality −0.07a

−0.58b

(0.03) (0.19)
Trend Tonality −0.21b

−2.39b

(0.05) (0.35)
Intercept −0.18b

−0.16b
−0.12b 0.41 0.26 −0.55a

(0.03) (0.04) (0.04) (0.25) (0.23) (0.21)

Observations 240 240 240 84 84 84
Adjusted R2 0.58 0.59 0.61 0.25 0.33 0.51
Residual std. error 0.51 0.51 0.49 1.44 1.36 1.16

Notes. Results are from regressions of realizations on the Staff Forecast and Trend Tonality using data
spanning January 1972 through December 2009. Samples are split into Low (High) Uncertainty by
being below (above) the 75th percentile of Macro Uncertainty. Standard errors are computed using
a wild-bootstrap with 1000 resamples.
ap<0.05.
bp<0.01.
he attraction that the forecast is plainly observable (to
he FOMC committee), whereas MacroUnc is a construct
stimated from data that is not all available in real time.
hese hypotheses are examined by regressing realized
our-quarter economic performance, either GDP growth
r the change in unemployment, on the respective point
orecast and on Tonality or Trend Tonality. This specifica-
ion is more general than the forecast error regressions in
hat it allows a parsing of the Greenbook predictive power
etween the point forecast and the tone of narrative
entiment.
The top section of Table 4 show results for GDP growth.

he first three columns show estimates for the low-
ncertainty subsample, while the latter three show esti-
ates for the high-uncertainty subsample. For the low-
ncertainty sample, the coefficient on the forecast in
univariate regression is 0.71, significantly below the
.0 hypothesized in standard rationality tests, with a
egression R-squared of 0.40. When Tonality is added to
he regression, its coefficient is positive and statistically
ignificant, and the R-squared rises to 0.43. Adding Trend
onality instead, (the 3rd column) provides an even larger
ncrease in the regression explanatory power.

In the high-uncertainty sample, the coefficient on the
orecast in the univariate regression is also 0.71, but here
he R-squared is only 0.20. Tonality is highly significant
hen added to the regression (5th column), boosting the
1111
R-squared increases considerably. Probably most notable,
when Trend Tonality is added to the regression (in column
6), the coefficient on the forecast is no longer significant;
at the same time, the coefficient on Trend Tonality is large
and highly significant and the regression R-squared jumps
to 0.58, even higher than in the low-uncertainty sample.
These results strongly indicate that, when uncertainty is
high, the sentiment of the narrative is by far a more in-
formative indicator of future economic performance than
the forecast itself.15

The lower section of Table 4 shows the analogous
results for the unemployment regression. Here, consis-
tent with forecast rationality, the coefficient on the fore-
casted change in unemployment in univariate regressions
is close to unity, in both the low- and high-uncertainty
subsamples. Again, however, the predictive content of the
forecast as measured by R-squared is more than twice
as high in the low uncertainty sample, 0.58 versus 0.25.
Moreover, while adding Trend Tonality to the regression
in the low-uncertainty sample only marginally improves

15 If we instead use the more constrained specification from Tables 2
and 3, we similarly draw the inference that Tonality explains sub-
stantially more of the forecast error variance in the high-uncertainty
subsample but continues to be statistically significant for predicting
forecast errors in the low uncertainty subsample.
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Table 5
OLS regressions of realized performance on forecast and Trend Tonality comparing subsamples with
strong vs. weak GDP forecast.
Dependent variable: Realized four-quarter GDP growth

E(GDP) ≥ 2.5 E(GDP) < 2.5

Forecast 0.77b 0.82b 0.94b 0.22 0.01 −0.31a

(0.07) (0.07) (0.08) (0.14) (0.13) (0.14)
Tonality 0.53b 0.89a

(0.15) (0.33)
Trend Tonality 1.36b 2.78b

(0.25) (0.46)
Intercept 0.87a 0.49 −0.20 0.49 1.12b 2.16b

(0.35) (0.39) (0.43) (0.25) (0.34) (0.32)

Observations 239 239 239 85 85 85
Adjusted R2 0.31 0.36 0.44 0.005 0.08 0.31
Residual std. error 1.78 1.70 1.59 2.60 2.51 2.16

Dependent variable: Realized four-quarter change in Unemployment

E(GDP) ≥ 2.5 E(GDP) < 2.5

Forecast 1.07b 1.06b 1.07b 0.53b 0.30 0.08
(0.10) (0.09) (0.09) (0.17) (0.16) (0.16)

Tonality −0.11b
−0.50b

(0.04) (0.16)
Trend Tonality −0.22b

−1.27b

(0.05) (0.20)
Intercept −0.21b

−0.18b
−0.16b 0.98b 0.98b 0.94b

(0.05) (0.05) (0.05) (0.26) (0.22) (0.18)

Observations 239 239 239 85 85 85
Adjusted R2 0.49 0.50 0.51 0.08 0.18 0.36
Residual std. error 0.60 0.59 0.58 1.24 1.17 1.03

Notes. Results are from regressions of realizations on the Staff Forecast and Trend Tonality using data
spanning January 1972 through December 2009. Samples are split into Strong (Weak) Growth samples if
above (below) the 75th percentile of the 4-qtr Cumulative GDP Forecast. Standard errors are computed
using a wild-bootstrap with 1000 resamples.
ap<0.05.
bp<0.01.
redictive power, doing so in the high-uncertainty sam-
le doubles predictive power; in contrast to the compa-
able high-uncertainty GDP forecast regression, the Un-
mployment forecast does contribute significantly to the
egression’s predictive power, albeit with a fairly small
oefficient.
Table 5 shows the analogous set of regressions, but

hen the sample split is conditioned on the four-quarter
DP forecast—that is, depending upon whether or not
t calls for subpar (below 2.5%) GDP growth. The top
ection shows regressions predicting GDP growth. Here,
he results are similar to, if not more striking than, those
n Table 4. In the univariate GDP growth regression, condi-
ioned on the GDP forecast exceeding 2.5%, the coefficient
n the GDP forecast is 0.77 with an R-squared of 0.31. In
his subsample, adding Tonality or Trend Tonality boosts
he R-squared to 0.36 or 0.44, while leaving the coeffi-
ient on the forecast near unity and highly significant. In
ontrast, in the second set of regressions, where the GDP
orecast calls for subpar growth, the coefficient estimate
n the forecast is only 0.22 and insignificant, while the R-
quared is about zero. Adding Trend Tonality, which again
as a positive coefficient, boosts the regression R-squared
o 0.31.

Finally, as shown in lower panel, we arrive at a similar
inding. Here again, when GDP growth is forecast to be
ubpar, Tonality or Trend Tonality contains substantial
1112
predictive power for unemployment, while the unem-
ployment point forecast itself conveys little information.
Taken together, these results confirm that the signal from
Tonality is indeed most informative when the Greenbook
quantitative forecast is calling for subpar growth, and,
as indicated by Fig. 9, tends to coincide with times of
relatively high uncertainty.

4.4. Do both negative and positive words matter?

At this point, we examine a generalization of our sen-
timent measure to look for potential asymmetry in the
effect of sentiment to determine whether the signal in
Tonality is similarly driven by variation in negativity or
positivity. To do so, we can decompose Tonality into two
components, Positivity and Negativity. To construct pos-
itivity, we ask how positive is a Greenbook with respect
to the average Greenbook by subtracting the average pos-
itive score and scale that by the same scaling factor as
we scale the score for Tonality (standard deviation of
positive minus negative score). This procedure ensures
that for each Greenbook the sum of positivity and neg-
ativity is equal to Tonality as originally calculated. We
then estimate an unobserved components model of trend
for Positivity and Negativity separately.16 Finally, we test

16 Somewhat surprisingly, while the correlation between changes in
these two components is effectively zero, the correlation between their
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Table 6
OLS regressions of realized performance on forecast and STrend Tonality comparing subsamples
with strong vs. weak GDP forecast.
Dependent variable: Realized four-quarter GDP growth

E(GDP) ≥ 2.5 E(GDP) < 2.5

Forecast 0.94b 0.93b
−0.31a

−0.31a

(0.08) (0.09) (0.14) (0.15)
Trend Tonality 1.36b 2.78b

(0.25) (0.46)
Trend Positivity 1.32b 2.71b

(0.24) (0.43)
Trend Negativity −1.35b

−2.59b

(0.28) (0.52)
Intercept −0.20 −0.16 2.16b 2.18b

(0.43) (0.47) (0.32) (0.32)

Observations 239 239 85 85
Adjusted R2 0.44 0.44 0.31 0.31
Residual std. error 1.59 1.60 2.16 2.17

Dependent variable: Realized four-quarter change in unemployment

E(GDP) ≥ 2.5 E(GDP) < 2.5

Forecast 1.07b 0.87b 0.08 0.22
(0.09) (0.11) (0.16) (0.15)

Trend Tonality −0.22b
−1.27b

(0.05) (0.20)
Trend Positivity −0.34b

−1.20b

(0.06) (0.16)
Trend Negativity 0.83b 1.83b

(0.12) (0.24)
Intercept −0.16b

−0.11a 0.94b 0.70b

(0.05) (0.05) (0.18) (0.17)

Observations 239 239 85 85
Adjusted R2 0.51 0.57 0.36 0.45
Residual std. error 0.58 0.54 1.03 0.96

Notes. Results are from regressions of realizations on the Staff Forecast and Trend Tonality using
data spanning January 1972 through December 2009. Samples are split into Strong (Weak)
Growth samples if above (below) the 75th percentile of the 4-qtr Cumulative GDP Forecast.
Trend Positivity and Trend Negativity are the components whose net value is used to form
Trend Tonality. Standard errors are computed using a wild-bootstrap with 1000 resamples.
ap<0.05.
bp<0.01.
hether both components contribute significantly to the
orecast by including them separately in forecasting re-
ressions analogous to those in Table 5.
The results are shown in Table 6 for the two subsam-

les and for both GDP and unemployment. For predicting
our-quarter GDP growth, the top panel, the coefficient
stimates on the two components of Tonality are both sta-
istically significant at the one percent level. We also find
he coefficients on Trend Positivity and Trend Negativity
o be of very similar magnitude, but oppositely signed,
ndicating that allowing each piece to enter the sepa-
ately does little for predictive power. In the unemploy-
ent forecast regressions, we again find both pieces of
-Tonality to have significant marginal predictive power.
n contrast to the GDP forecast regression, however, here
he coefficient on Negativity is materially larger than that
n Positivity in both subsamples; thus, separating the two
omponents provides a boost to the adjusted R-squared in
ach regression.

levels is 67 percent. This suggests that, on average during periods with
higher usage of words conveying positive sentiment, there also tends
to be higher usage of words conveying negative sentiment (relative to
neutral words)
1113
5. The relevance of Tonality to the public

So far, our analysis indicates that the sentiment em-
bedded in the text contains valuable information for Fed-
eral Reserve policymakers, over and above that contained
in the staff’s quantitative forecast. In this section, we
investigate whether and how that information, summa-
rized by Tonality, if observed in real time, would have
been of value to market participants outside the Fed. In
particular, we examine the information content of Tonal-
ity along three dimensions. First, does Tonality comple-
ment private-sector economic forecasts in a similar fash-
ion? Second, does Tonality help predict monetary policy?
Third, does Tonality predict future stock returns? Finally,
we take a brief look at whether the sentiment reflected
in Greenbook Tonality is signaled to the public in formal
FOMC committee public communications.

5.1. Greenbook Tonality and Blue Chip forecasts

Does the predictive value of Tonality for Greenbook
GDP and unemployment forecast errors reflect some built-
in, perhaps conscious, complementarity between the point
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Table 7
OLS regressions of realization on blue chip forecast and Trend Tonality conditional on normal vs. below
normal four-quarter GDP forecast.
Dependent variable: Realized four-quarter GDP growth

E(GDP) ≥ 2.5 E(GDP) < 2.5

BC forecast 0.84b 0.90b 1.06b 0.37 0.03 −0.05
(0.15) (0.15) (0.14) (0.24) (0.23) (0.22)

Tonality 0.29b 1.08b

(0.10) (0.32)
Trend Tonality 0.91b 2.27b

(0.17) (0.40)
Intercept 0.86 0.51 −0.34 0.09 1.26 1.71a

(0.56) (0.56) (0.55) (0.57) (0.64) (0.63)

Observations 178 178 178 60 60 60
Adjusted R2 0.21 0.24 0.31 0.01 0.16 0.33
Residual std. error 1.37 1.35 1.29 2.53 2.33 2.08

Dependent variable: Realized four-quarter change in unemployment

E(GDP) ≥ 2.5 E(GDP) < 2.5

BC forecast 1.45b 1.46b 1.48b 0.82b 0.40a 0.25
(0.11) (0.11) (0.11) (0.24) (0.20) (0.18)

Tonality −0.14b
−0.65b

(0.04) (0.16)
Trend Tonality −0.32b

−1.32b

(0.07) (0.20)
Intercept −0.16b

−0.09 −0.02 0.98b 0.97b 0.90b

(0.05) (0.05) (0.06) (0.21) (0.17) (0.14)

Observations 178 178 178 60 60 60
Adjusted R2 0.53 0.56 0.58 0.11 0.28 0.45
Residual std. error 0.56 0.54 0.53 1.32 1.18 1.04

Notes. Results are from regressions of realizations on the Blue Chip Consensus Forecast and Trend Tonality
using data spanning July 1980 through December 2009. Samples are split into Strong (Weak) Growth
samples if above (below) the 75th percentile of the 4-qtr Cumulative GDP Forecast. Standard errors are
computed using a wild-bootstrap with 1000 resamples.
ap<0.05.
bp<0.01.
forecast and the narrative? For instance, does the implied
‘‘inefficiency’’ uniquely apply to Greenbook point fore-
casts? Alternatively, would Tonality similarly complement
publicly available private-sector economic forecasts? This
question can be explored using publicly available fore-
casts produced around the same time as the Greenbook, in
particular, by examining whether Greenbook Tonality has
similar marginal predictive power conditional on those
forecasts.17

We use the consensus Blue Chip Financial Forecasts
from Wolters Kluwer Legal and Regulatory Solution to
conduct this exercise starting in 1980, when this publica-
tion begins. To do so, we take the conservative approach
of matching up each Greenbook with Blue Chip survey
responses published (less than a month) after the Green-
book forecast was produced. This approach guarantees
that the Blue Chip forecasters were privy to all the data
that was publicly available when the Greenbook narrative
was produced.

17 This analysis would seem to bear on the issue of whether the
Federal Reserve has more information than the median economic
forecaster, as in Romer and Romer (2000) and more recently in
Nakamura and Steinsson (2018) . However, finding that Greenbook
Tonality helps to predict forecast errors in, say Blue Chip forecasts
does not necessarily imply that the Federal Reserve has an information
advantage, since some Blue Chip forecasters might also produce narra-
tives along with their point forecasts that convey information similar
to that in Tonality.
1114
Table 7 shows the results from regressions analogous
to those shown in Table 5, though here Greenbook point
forecasts are replaced by the corresponding consensus
Blue Chip (BC) forecasts. The top panel shows regres-
sions predicting four-quarter GDP growth conditional on
the Blue Chip forecast and Greenbook Tonality, where
the sample is divided based on whether the Blue Chip
consensus calls for four-quarter GDP growth above or
below 2.5%. Despite the sample being smaller on account
of later start date, regression estimates are remarkably
similar to those in Table 5. Within the first subsample
shown in the first three columns, when expected GDP
growth is at least 2.5%, Trend Tonality is statistically sig-
nificant and complements the BC forecast by boosting the
regression R-squared from 0.21 to 0.31. In the below-
par growth forecast subsample, the BC forecast has no
predictive power (similar to regressions that condition
on the Greenbook forecast), but adding Tonality or Trend
Tonality boosts the R-squared from 0.01 to 0.16 or 0.33,
respectively.

The bottom panel regressions predicting the trajectory
of unemployment again produce similar results. These
results, together with the those in the top panel, show
that the economic signal embedded in Tonality is not ma-
terially different when used in conjunction with private-
sector forecasts than when used in combination with
Greenbook forecasts. Thus, what complementarity, in-
tended or not, between the Fed staff’s point forecast
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Table 8
Regressions prediction blue chip fed funds forecast errors.

1-Qtr 2-Qtr 4-Qtr 1-Qtr 2-Qtr 4-Qtr

Trend Tonality 0.17b 0.37b 0.81b 0.09 0.24a 0.60b

(0.05) (0.12) (0.26) (0.05) (0.10) (0.22)
Term spread 0.31b 0.50b 0.83a

(0.08) (0.18) (0.41)
Intercept −0.16b

−0.36b
−0.82b

−0.19b
−0.41b

−0.91b

(0.05) (0.12) (0.29) (0.05) (0.11) (0.27)

Observations 192 192 192 192 192 192
Adjusted R2 0.08 0.11 0.15 0.18 0.18 0.20
Residual std. error 0.36 0.69 1.26 0.34 0.66 1.22

Notes. Results are from regressions of Blue Chip forecast errors on Trend Tonality from February 1986
through December 2009. The Term Spread is defined here as the difference between a 1-Year Treasury
Note and the Fed Funds rate when the Greenbook is produced. Standard errors are corrected for
autocorrelation following (Newey & West, 1994) using (2*k + 1) lags for k quarter out forecast error.
ap<0.05.
bp<0.01.
and the accompanying narrative would similarly apply to
consensus economic forecasts made by outsiders.

5.2. Tonality as a predictor of monetary policy

Given that Tonality is helpful for predicting economic
performance up to four quarters ahead, relative to both
Federal Reserve and private sector forecasts, we con-
sider the corollary hypothesis that Tonality has predictive
power for monetary policy over a similar horizon. Since
higher Tonality tends to signal stronger future economic
activity relative to economic point forecasts, a logical
consequence one might expect is for higher Tonality to
also predict policy interest rates that exceed forecasts. The
logic of the hypothesis is as follows: to the extent that
Blue Chip consensus forecasts of interest rate policy are
connected to Blue Chip consensus forecasts for economic
growth through something like a ‘‘Taylor rule’’, then pos-
itive economic surprises presaged by Tonality should, in
turn, presage positive surprises in the path of policy rates.
A key presumption underlying this hypothesis is that the
effects of such positive economic surprises (or unexpected
declines in unemployment rate) are not counterbalanced
by downward surprises to inflation, an historically un-
controversial presumption prior to the 2008 financial
crises.18

We test the hypothesis that Trend Tonality helps to
predict monetary policy in Table 8. In particular, we
regress realized errors in the Blue Chip consensus forecast
of the quarterly average Fed Funds rate on value of Trend
Tonality at the time of forecast. The first three columns

18 The logic for such a connection between the Greenbook forecasts
of the federal funds rate and Greenbook forecasts for unemployment
would similarly hold; however, the federal funds ‘‘forecast’’ in the
Greenbook has not always been chosen to minimize forecast errors.
For instance, Reifschneider and Tulip (2017) report that the Greenbook
traditionally has taken a more ‘‘neutral’’ approach to the Fed funds
rate forecast, that it has tended to ‘‘condition on [funds rate] paths
that modestly rose or fell over time in a manner that signaled the
staff’s assessment . . . [of the required] adjustment in policy’’. This
could result in errors in the funds rate forecast being predictable even
when forecast errors in economic performance were not. We therefore
consider a test of Tonality’s predictive power for Blue Chip consensus
funds rate forecast errors to have a cleaner interpretation.
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show results for the funds rate forecast at the one quarter,
two quarter, and four quarter horizons, respectively. As
hypothesized, the coefficient on Tonality is positive and
statistically significant, at all three horizons; this indicates
that higher (lower) Tonality presages policy rates that
tend to exceed (fall short of) Blue Chip forecasts.19

The last three columns add a term spread to the re-
gression, specifically, the difference between the nominal
one-year Treasury yield and the federal funds rate at
the time of forecast. This can be interpreted as a gauge
of market expectations for the short-term interest rate
trajectory, though imperfectly measured to the extent
there are fluctuations in the one-year term premiums.
At all three horizons, the coefficient on the term spread
is positive and highly significant; moreover, adding it to
the regression lowers the still significant coefficient on
Trend Tonality at each horizon by as much as half. Thus,
it would appear that at least some, though far from all,
of the signal for policy rates embedded in Tonality was
anticipated by the market and reflected in the slope of
the term structure.

5.3. Tonality as a predictor of stock returns

The evidence presented so far indicates that our mea-
sure of sentiment in the Greenbook narrative contains
information expected future economic performance that
was not incorporated in economists’ point forecasts. In
addition, it appears to help predict errors in consensus
forecasts for monetary policy (the fed funds rate) that are
directionally consistent with the expected forecast errors
for economic activity. These results beg the question:
does Tonality contain information not yet reflected in
asset market prices? In particular, can Greenbook Tonal-
ity also help predict stock market returns? In what fol-
lows, we test whether Tonality has predictive power for

19 On the other hand, the intercept in each case is negative, and the
intercept values indicate that the funds rate forecast was on average
upward biased by 15 basis points per quarter ahead (assuming S-
Tonality was zero on average), indicating that forecasters did not
anticipate the downward trend of the funds rate over the sample
period.
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Table 9
Regressions predicting excess S&P 500 returns.

3-Month 6-Month 12-Month 3-Month 6-Month 12-Month

Trend Tonality 2.715b 5.132b 9.038b 3.631b 6.852b 12.685b

(0.864) (1.694) (3.005) (0.835) (1.610) (3.091)
Current unemployment 1.073b 1.747b 2.934a

(0.368) (0.650) (1.309)
2-Qtr ∆ unemployment 1.565 2.993 6.977b

(1.010) (1.632) (2.251)
Intercept 0.026 0.098 −0.109 −6.911b

−11.322b
−19.633a

(0.604) (1.118) (2.064) (2.446) (4.374) (8.985)

Observations 358 358 358 357 357 357
Adjusted R2 0.050 0.082 0.125 0.095 0.144 0.244
Out-of-sample R2 0.028 0.029 0.045 0.074 0.117 0.160
Residual std. error 7.684 11.286 15.807 7.497 10.914 14.719

Notes. Results are from regressions from January 1972 through December 2009. Standard errors are corrected for
autocorrelation following (Newey & West, 1994) using (2*k + 1) lags for k quarter out forecast error. The Out-of-sample
R2 are calculated over the period that begins 64 meetings into the start of the sample through December 2009.
ap<0.05.
bp<0.01.
stock returns over periods ranging from 3 to and 12-
months, beginning the day after FOMC monetary policy
announcements. Our focus on multi-month returns con-
trasts with most previous studies of news sentiment and
stock returns, which mostly document daily or weekly re-
turn predictability. One recent exception is Calomiris and
Mamayski (2019), which finds that textual information
aggregated over a month of news articles can help predict
stock returns up to one year ahead.

The precise dating of the periods over which we test
for return predictability is determined by FOMC dates;
for each return horizon, the return period starts the day
after the current-period FOMC policy announcement, and
it ends on the day before a future post-meeting FOMC
policy announcement. For most of the sample, the pre-
diction period endpoints correspond to the FOMC an-
nouncement days following either the 2nd prospective
meeting (about three months later), the 4th prospective
meeting (about six months later) and the 8th prospective
meeting (about one year later). Before 1981, meetings
were monthly; thus, the prediction periods prior to 1981
end on the announcement days following the 3rd, 6th and
12th prospective meetings. For these regressions, the full
sample extends back to January 1970.

Table 9 shows coefficient estimates from regressions
predicting 3-month, 6-month, and 12-month returns on
the S&P 500 composite, each in excess of the yield on
the maturity-matched Treasury bill. Shown below each
specification are the in-sample adjusted R-squared and
an out-of-sample R-squared, the latter simulated starting
June 1975 with 64 observations reserved to estimate the
initial historical relationship. The baseline regressions in
the first three columns condition only on Trend Tonality.
As shown, for all three horizons, the coefficient on Trend
Tonality is positive and statistically significant. Its magni-
tude for the 6-month horizon is about double that for the
3-month horizon and for 12-month returns is nearly dou-
ble again. An increase in Trend Tonality of unity—which
amounts to roughly 1.5 standard deviations—predicts a
2.7, 5.1, and 9.0 percent higher return over the three

horizons, undoubtedly substantial effects.
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The adjusted R-squared statistics for the 3-month, 6-
month, and 12-month horizons, are 5, 8, and 12 percent,
respectively, which are also quite sizable compared with
most stock return predictive regressions in the literature,
as summarized, for example, by Welch and Goyal (2008) .
The out-of-sample R2 statistics are also positive and quite
substantial, in notable contrast with many out-of-sample
predictive regressions. If a risk-averse investor were able
to take advantage of such information in real time, the
gain would be economically meaningful.20

Given the positive coefficient on Tonality, a natural
interpretation for Tonality’s predictive value is that it
contains information not fully reflected in stock prices at
the time Greenbook is produced but instead is revealed
to investors over subsequent quarters. In particular, news
of a stronger economy that higher Tonality predicates
would presumably be accompanied by news of stronger
corporate cash flows as well as a decline in risk premiums.
On the contrary, it seems improbable that Tonality’s effect
would reflect a positive risk premium factor; that would
have the odd implication that investors demand a lower
risk premium when Greenbook sentiment is more nega-
tive. On the other hand, the interpretation that Tonality
embeds information that predicts stock prices does not
necessarily imply a failure of market efficiency, given
that this measure of sentiment is not publicly observable.
(Indeed, even Fed staff could not literally observe Tonality
and might not have been fully cognizant of the sentiment
it reflected.)

20 Using the evaluation framework of Campbell and Thompson
(2007) for a risk-averse investor suggests this would boost expected
6-month returns by 9.3 percent. In particular, the risky asset return
can be expressed as the sum of unconditional expected return on the
risky asset (µ), the signal (Tt), and a random shock (e) with mean
zero and variance σ 2

e . Letting S = (µ - rf)/ ((σ 2
T + σ 2

e ))
1/2 represent

the Sharpe ratio of the risky asset when no signal is observed, and γ

represent relative risk-aversion, then the gain in expected return from
observing the signal is equal to R2

(1−R2)
(1+S2)

γ
. Using 0.26 as the 6-month

Sharpe ratio (S), consistent with the Sharpe ratio on stocks over the
1927–2009 period, we calculate a gain in the expected 6-month return
of 9.3 percent.
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While Tonality seems an improbable proxy for the
quity risk premium, it could well be correlated with
he risk premium.21 Indeed, Table 1 shows that Tonality
s highly correlated with current economic conditions
nd with forecasts of future conditions. Thus, it could be
mportant to control for economic factors or conditions
hat are potentially priced but also correlated with Tonal-
ty. Specifically, we add controls for the current-quarter
rojected unemployment rate as well as the forecasted
hange in the unemployment rate over the next two quar-
ers. Current unemployment is negatively correlated with
-Tonality and also seems likely to be a reasonable proxy
or business-cycle-driven variation in the equity risk pre-
ium, since risk aversion or perceived risk are arguably

inked to employment prospects.22 Indeed, a perceived-
isk interpretation is invoked by Schmidt (2016) as the
ationale behind the return predictability he documents
or initial unemployment claims (which are strongly cor-
elated with the Greenbook forecast of Current Unem-
loyment). Another influence on Tonality we control for
s the outlook as reflected in the Greenbook point fore-
ast. For this purpose, we use the projected two-quarter
hange in unemployment.23
As shown in columns 4, 5, and 6 of Table 9, when

xcess returns are regressed on Trend Tonality and these
ther two factors, we find Trend Tonality to have even
reater predictive power for stock returns over all three
orizons, with larger and more highly significant coeffi-
ients than in the first three columns. At the same time,
urrent unemployment has a positive and significant co-
fficient, consistent with a risk factor interpretation. The
orecasted 2-quarter change in unemployment is also
ignificant with a positive coefficient, consistent with
he presumption that the risk premium is higher when
he outlook is expected to deteriorate. With the added
ontrols, the in-sample adjusted R-squared statistics are
oughly double and out-of-sample R-squares increase by
n even larger amount compared to those from the anal-
gous regressions without controls, bolstering the con-
lusion that the incremental information in Tonality, if
vailable to investors in real time, would have been quite
aluable.24

21 The results for return predictability are just as strong, if not
stronger, if we control for dividend yield or other standard predictors.
22 This point is made in the seminal paper on the equity premium
by Constantinides and Duffie (1996) .
23 Results are very similar if we use the 2-quarter GDP forecast.
For this exercise, we use the two-quarter, rather than the four-
quarter, forecast for unemployment because the two-quarter forecast
is available going back to 1970, while using the four-quarter forecast
would shorten our sample a few years. Since the two are highly
correlated, for the shorter sample, it is pretty much immaterial which
horizon is used.
24 The statistical strength of the coefficient on current unemploy-
ment rate and the resultant rise in R-squared might seem implausible,
as it prompts the question: why has nobody else documented this
as such a powerful return predictor. Although not shown in the
table, when we drop Trend Tonality from the regression, the marginal
predictive power of current unemployment drops markedly, and the
out-of-sample R-squared statistics turn negative, indicating that the
power of this variable comes through only when controlling for
Tonality.
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Finally, we consider whether the pattern of Tonal-
ity’s information value for predicting stock returns echoes
that for the predictability of economic forecast errors?
First, we examine whether the predictive power of Tonal-
ity for stock returns is associated with downside risk;
that is, is it strongest toward the lower end of poten-
tial outcomes—low to negative excess returns—similar to
Tonality’s signal for the distribution of economic forecast
errors? Fig. 10 shows quantile regression estimates for
3-month, 6-month and 12-month excess returns, condi-
tioned on Tonality in the left panels and Trend Tonality in
the left panels. At all three horizons, we find both mea-
sures of Tonality to have their largest predictive effects for
returns toward the lower tail of the return distributions,
mirroring our findings for macroeconomic predictability.

To examine whether Tonality’s predictive power for
returns depends upon the forecasted strength of the econ-
omy, in Table 10, we estimate the same regressions
Table 9 for the 3-month and 12-month horizons, but for
subsamples conditioned on the four-quarter point fore-
cast. Comparing results in column 1 to column 3, where
excess returns are conditioned only on Trend Tonality, we
do find somewhat greater predictive power in the sub-
sample with sub-par expected growth. However, when
we also control for current unemployment and the 2-
quarter outlook, we find that predictability is much
stronger when the forecast calls for subpar growth (col-
umn 4) than otherwise (column 2). Taking the 3-month
return horizon for instance, when the forecast calls for
subpar growth, the coefficient on Trend Tonality is 7.25
and the adjusted R-squared 0.21, compared to a coeffi-
cient of 2.48 and an adjusted R-squared of 0.05 in sub-
sample with stronger growth forecasts. For the 12-month
horizon, the results are even more dramatic, indeed, al-
most embarrassingly so.

5.4. Is Greenbook Tonality communicated to the public?

In February 1993, the committee began issuing min-
utes of its deliberations after a delay of several weeks but
prior to the subsequent meeting. In February 1994, the
FOMC committee began releasing relatively terse state-
ments explaining its actions or stance, at first sporadically
and then after every meeting starting May 1999. Erics-
son (2016) and Stekler and Symington (2016) gauge the
degree of optimism in FOMC meeting minutes by man-
ually scoring word usage and show that the resulting
gauge of sentiment is highly correlated with near-term
GDP growth forecasts in the corresponding Greenbooks.
In a similar vein, we consider whether the sentiment
as measured by Tonality of the Greenbook narrative is
signaled through FOMC communications by measuring
the Tonality of the two regular public communications: (i)
FOMC statements and (ii) minutes of the FOMC meetings.

For each set of communications, Tonality is measured
by counting positive and negative word usage in those
documents and normalizing using the tdf-if routine, as in
our analysis of the Greenbooks. The resultant time series
for the Tonality of the FOMC statements is uncorrelated
with Greenbook Tonality (0.04 for full sample, same as
the post-May 1999 sample). In contrast, the correlation of
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Fig. 10. Regressions Predicting S&P 500 Returns: OLS, 10th and 90th Quantiles. Note: Scatter plots of 3-month, 6-month, and 12-month excess stock
eturns plotted against either Tonality or Trend Tonality from associated Greenbook narrative. The blue line depicts the OLS regression line while
ther lines show the estimated 10th, median, and 90th quantiles of the forecast errors conditioned on Tonality or Trend Tonality. (For interpretation
f the references to colour in this figure legend, the reader is referred to the web version of this article.)
.51 between Minutes Tonality and Greenbook Tonality,
epicted visually by a plot of the two time series in
1118
Fig. 11, indicates quite substantial commonality. More-
over, analogous UCSV estimates of Trend Minutes Tonality
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Table 10
OLS regressions of excess S&P 500 return on Trend Tonality comparing subsamples with
strong vs. weak GDP forecast.
Dependent variable: 3-Month excess S&P 500 returns

E(GDP) ≥ 2.5 E(GDP) < 2.5

Trend Tonality 2.13b 2.48b 4.03b 7.25b

(0.63) (0.66) (1.57) (1.76)
Current unemployment 0.66a 1.04

(0.28) (0.78)
2-Qtr ∆ unemployment 0.49 5.65b

(1.06) (1.60)
Intercept 0.19 −3.99a 1.14 −9.11

(0.51) (1.90) (1.02) (4.71)

Observations 239 239 85 85
Adjusted R2 0.03 0.05 0.05 0.21
Residual std. error 6.58 6.53 10.00 9.12

Dependent variable: 12-Month excess S&P 500 returns

E(GDP) ≥ 2.5 E(GDP) < 2.5

Trend Tonality 9.21b 10.65b 10.85b 19.97b

(1.53) (1.55) (2.78) (3.45)
Current unemployment 2.66b 2.60

(0.64) (1.55)
2-Qtr ∆ unemployment 3.34 16.69b

(1.84) (3.61)
Intercept −0.86 −17.66b 1.83 −25.57a

(1.10) (4.54) (1.66) (9.27)

Observations 239 239 85 85
Adjusted R2 0.14 0.20 0.08 0.40
Residual std. error 13.89 13.37 20.66 16.70

Notes. Results are from regressions of realizations on the Staff Forecast and Trend Tonality
using data spanning January 1972 through December 2009. Samples are split into Strong
(Weak) Growth samples if above (below) the 75th percentile of the 4-qtr Cumulative GDP
Forecast. Standard errors are computed using a wild-bootstrap with 1000 resamples.
ap<0.05.
bp<0.01.
Fig. 11. Minutes versus Greenbook Trend S-Tonality. Note: Shaded regions represent NBER-dated recessions. The black line is the Greenbook Trend S-
Tonality. The same smoothing parameters are applied to the minutes’ Tonality, shown by the blue line. The minutes are matched to the corresponding
Greenbook for this plot. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
is even more tightly connected with Trend Tonality, with
a correlation of 0.79.

While a more detailed analysis of the relationship be-
tween Greenbook and Minutes Tonality is beyond the
scope of this study, this figure provides fairly strong evi-
dence to suggest that the FOMC committee both internal-
izes and communicates to the public a good deal of the
sentiment conveyed in the Greenbook narrative. In light
of this, it should not be surprising that a cursory analy-
sis (not shown here) indicates that, over the subsample
during which Minutes Tonality is available, a good deal of
1119
the predictive power of Greenbook Tonality for funds rate
policy and for stock returns carries through to Minutes
Tonality.

6. Summary, interpretation, and conclusions

The predictive value of Greenbook Tonality for un-
employment and GDP growth, even when conditioning
on the Greenbook forecast for those variables, suggests
that an important element of economic forecasting is
embodied in the accompanying narrative. Having shown
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that Greenbook Tonality also helps to predict forecast
errors for the Blue Chip consensus, it seems clear that
the information embedded in the text has broader value
than simply as a complement to the Greenbook fore-
cast. The analysis also indicates that very little, if any, of
the predictive ability of Tonality reflects either stickiness
in the forecast or information signaled by recent stock
price movements. Moreover, the predictive information
in Tonality is somewhat distinct from, even if related
to, that signaled by measures of either macroeconomic
uncertainty or financial conditions. Indeed, the predictive
power of the narrative appears to be strongest at times
of high uncertainty, which coincide with times of low
economic growth expectations.

The finding that Tonality predicts errors in Blue Chip
unds rate forecasts indicates that Tonality conveys policy-
elevant information. The finding that Tonality predicts
uture stock returns should not entirely surprising once
e have established its ability to predict unexpected
conomic growth, but the high R-squared for excess re-
urns, both in and out of sample, is quite remarkable.
iven that lower Tonality, i.e., negative sentiment, pre-
icts both greater downside economic risks as well as
uch lower-than-average returns, the time varying re-

urn documented here does not seem to reflect expected
ompensation for perceived risk. Rather, these results
uggest that equity prices do not impound all the infor-
ation about the potential evolution of the economy that

s impounded in the forecast narrative.
The evidence presented in this paper argues for includ-

ng other narrative information that forecasters are re-
aying along with their quantitative point forecasts when
xamining forecast effectiveness or how economic agents
pdate their beliefs. Doing so will require preserving
r obtaining the narrative accompanying the forecasts.
uantile regressions for forecast errors suggest that the
nformation in that narrative may be focused on the like-
ihood of negative tail outcomes. While we have shown
hat the tone of the narrative that accompanies the Fed’s
conomic forecast is informative, our findings raise some
uestions. Perhaps one of the more intriguing is whether
he Federal Reserve’s staff forecast narrative is special in
his regard, or whether the narrative from other economic
orecasters embeds similar information. In a different
ein, given that the recent source of uncertainty, the
andemic, is so different from the past, would it not be
ore problematic to extrapolate signals in the narrative
f late based on past relationships? Finally, we readily
cknowledge that this study paper uses a relatively coarse
easure of textual information. As suggested by other re-
ent research, deeper and more targeted textual analysis
ould lead to deeper insight into the nature of economic
orecasts.
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Supplementary material related to this article can be
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04.008.
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