Media and Business Cycle Predictability!

Salim Baz? Lara Cathcart? Alexander Michaelides*

April 21, 2026

LAn earlier version of this paper was circulated under the title “What is the Value of Financial
News?”. We thank Pedro Bordalo, Martin Ellison, Alexandros Kostakis, Savitar Sundaresan and sem-
inar participants at the International Association of Applied Econometrics conference, the Stockholm
conference on non-traditional data, machine learning and natural language processing in macroeco-
nomics and Imperial College London for useful comments.

2Department of Finance, Lebanese American University. E-mail: salim.baz@lau.edu.lb.

3Department of Finance, Imperial College London, SW7 2AZ. E-mail: 1.cathcart@imperial.ac.uk.

4Department of Finance, Imperial College London, SW7 2AZ. E-mail: a.michaelides@imperial.ac.uk.



Abstract

We construct empirical measures of U.S. business-cycle activity based on media mentions of
the word “recession” in financial newspapers. The MRIs (media recession indicators) are useful
predictors of U.S. economic activity, both in-sample and out-of-sample. Moreover, they compare
favorably with existing business-cycle predictors (term premium, purchasing managers’ index,
consumer sentiment index and real stock market returns). Furthermore, we show that the MRIs
are useful predictors of the probability of a U.S. recession six months in advance. Our findings
also suggest that constructing and using a more sophisticated sentiment-weighted index does not

lead to economically significant improvements in business cycle predictability.

Keywords: Media, business cycles, coincident and leading indicators, recessions, out-of-
sample predictability.
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I. Introduction

One of the main criticisms the economics profession has faced since 2008 has been its inability
to forecast the arrival and the depth of the Great Recession. The question was famously raised
by Queen Elizabeth during a visit to the London School of Economics in 2008, prompting a
response letter signed by many academic economists.! The National Bureau of Economic Re-
search (NBER) has historically been the most credible arbiter of U.S. recessions (see Berge and
Jorda (2011) for further discussion), but credibility comes at the cost of making announcements
typically a few quarters after a recession starts or ends, partly because the aggregate data over
many sectors are produced with a lag.?

Our contribution is based on a simple idea: we measure the frequency with which the word
“recession” appears in financial newspapers.> Figure 1, Panel A, presents the raw number of
articles mentioning the word “recession” every month and Panel B the same number scaled by
the total number of financial news articles in that month. The Figure shows that both the raw
and scaled count of the articles containing the word “recession” substantially rise before the
NBER recessions. Moreover, the measures are in accordance with intuition in the sense that in
the 2007-2009 Great Recession period, both measures rise more strongly than in other recession
episodes in our sample. We demonstrate that these measures have forecasting ability over proxies
for real economic activity and compare favourably with existing predictors that rely on other
commonly used forecasting variables. Finally, we show that these media-based indicators can
predict recessions in a non-linear framework, where the goal is to predict the probability of
entering a recession a few months after the media indicators rise above a certain value.

We build our argument in a series of steps. We first search Factiva, a database that provides

IThe visit is described in https://www.ft.com/content/50007754-ca35-11dd-93e5-000077b07658 and the
response letter in https://www.theguardian.com/uk/2009/jul/26/monarchy-credit-crunch.

2Popular predictors include interest rates (Sims, 1980; Bernanke and Blinder, 1992), the term premium (Es-
trella and Hardouvelis, 1991) and the default spread (Friedman and Kuttner, 1992), though new evidence suggests
that the latter is not a robust predictor of real economic activity (Chatterjee and Bazzana, 2024). More recently,
novel predictors have included the TED spread, defined as the spread between the 3-month U.S. LIBOR and the
3-month Treasury-bill rate, as a proxy for funding liquidity; the small-minus-big and high-minus-low Fama and
French (1995) factors (Liew and Vassalou, 2000); the Baltic dry index (Bakshi, Panayotov and Skoulakis, 2011),
and the S&P500 option-implied risk aversion (Faccini, Konstantinidi, Skiadopoulos and Sarantopoulou-Chiourea,
2019).

3Analysis with similar implications for the U.S. has occasionally appeared in The Economist
(https://www.economist.com/britain/1998/12/10/the-recession-index) but we are not aware of such a measure
being systematically analyzed and used to predict economic activity. Doms and Morin (2004) also contains an
earlier analysis with similar implications.


https://www.ft.com/content/50007754-ca35-11dd-93e5-000077b07658
https://www.theguardian.com/uk/2009/jul/26/monarchy-credit-crunch

access to the archives of thousands of newspapers and other publications (e.g., magazines, tele-
vision outlets, etc.) and obtain the number of articles mentioning a targeted list of phrases (for
instance, whether an article contains the word “recession”) for every month in our sample. Since
our goal is to study the predictability of the business cycle in the U.S., we focus on the two most
prominent specialist newspapers with a significant readership there (the Financial Times and
Wall Street Journal) and exclude generalist newspapers and tabloids (like the The Washington
Post and LA Times, for example).? We concentrate on U.S. economic news and the word “reces-
sion,” because it is often used as a proxy by journalists when discussing economic developments
and because using a targeted word can avoid ambiguities in interpretation (“recession” unam-
biguously refers to economic downturns). We propose two different variants of the measure: our
first and simplest measure counts the number of articles mentioning the term “recession” (the
raw media recession indicator, or raw MRI), while the second divides this number by the total
number of articles discussing economic news in that period (the scaled MRI).

To measure real economic activity (REA), we use five variables: the industrial production
index (IP), non-farm payrolls (NFP) and three widely used variables by business economists in
the private sector and available from The Conference Board: real personal income less transfer
payments (RPILTP), real manufacturing and trade sales (RMTS), and the coincident economic
indicator (CEI).> We first validate the constructed MRIs by comparing them with known REA
predictors. Our measure is constructed in a completely different way and based on quantifying
the information available in specialist newspapers. Our findings are therefore complementary to
other real-time measures of economic activity, namely, now-casting techniques that use economic
data at different frequencies to produce more stable real-time measures of economic activity (see
Evans (2005); Giannone, Reichlin and Small (2008); Banbura, Giannone, Modugno and Reichlin
(2013)).

We then test and illustrate the usefulness of the MRIs as predictors of REA growth using
both in-sample regressions and out-of-sample analysis. Importantly, we show that the relative

increase in the adjusted R-squared compared with more traditional recession indicators. Specif-

4The Wall Street Journal is the most widely read financial news specialist newspaper in the top 100 newspapers
published in the U.S.; the Financial Times (FT), though published in the UK, has significant U.S. readership. As
indicated in the FT toolkit (found under https://fttoolkit.co.uk/d/audience/ADGA_Certificate_January_
to_December_2015.pdf), nearly 30% of the global audience is in the United States and the Americas.

5All five variables are transformed by computing their growth rates, measured as changes in their natural
logarithms.


https://fttoolkit.co.uk/d/audience/ADGA_Certificate_January_to_December_2015.pdf
https://fttoolkit.co.uk/d/audience/ADGA_Certificate_January_to_December_2015.pdf

ically, we control for the term premium (TERM), the Purchasing Managers’ Index (PMI), the
Consumer Sentiment Index (CSI) and the real S&P 500 returns (S&P500). We empirically find
that the MRIs have a substantial additional forecasting ability relative to these predictors, and
this conclusion remains robust in out-of-sample predictability comparisons. Our out-of-sample
predictability conclusions are robust to the estimation cutoff date, and a rolling-window approach
indicates relative stability in the estimated coefficients of the media-based predictors.®

An interesting question is the context in which the word “recession” is discussed. We show
that in these articles the most frequent words are “economy, growth, FED, risk, inflation, interest
rates”. This analysis illustrates the importance of the central bank, inflation, and interest rates
when discussing the risks facing an economy. Moreover, these words do not feature in the same
frequency over time; “inflation” was more pervasive in the 1980s and 1990s than from 2000
onwards, while “interest rate” is strongly discussed in connection to recessions in all decades
except in the 2000s.

We caution that the context in which a “recession” is discussed can also be positive for the
economy if the phrase is “getting out of a recession”. Moreover, recent work proposes using
media data to construct economic sentiment as a way to predict the economy (for example,
Shapiro, Sudhof and Wilson (2022), Barbaglia, Consoli and Manzan (2023), Ellingsen, Larsen
and Thorsrud (2022), Gardner, Scotti and Vega (2022)). To determine whether our simple
approach can be improved by quantifying the sentiment in each article, we construct a negative
sentiment indicator based on the Harvard IV-4 Dictionary for each article following Soo (2018).
An interesting question is then to compare the information in this sentiment-based indicator
relative to the raw MRI measure. When we do this comparison, we find that most of the business
cycle predictability arises from the raw MRI variable. We also use the sentiment-based indicator
to change the weights in our raw MRI variable. Specifically, rather than equally-weighting each
article mentioning “recessions”, we use the sentiment information in each article to construct a
sentiment-weighted MRI variable. We find that the gains from taking sentiment into account
in this way yield marginal improvements in predicting the business cycle. Furthermore, the raw
MRI can be thought of as the scaled MRI multiplied by the total number of articles (N). We find

it useful to disentangle the relative contribution of these two channels and conclude that most

6Parameter instability and model uncertainty are common features in the data: although some parameters
and/or variables improve forecasting accuracy in some time periods, they may completely fail in other time periods
(Stock and Watson, 2003; Ng and Wright, 2013).



of the predictability comes from the scaled MRI.

We next use the MRIs in a non-linear way to predict the likelihood of a recession within a
pre-specified time horizon. We first use a methodology that evaluates the ability of the models
to signal a recession out-of-sample: we use a probit model to estimate the probability of being
in a recession within a number of months given available (current) information. Second, we use
the generated signal to forecast the lead time to recessions (in months). We find strong evidence
that MRIs predict NBER recessions 6 months ahead of time and they perform well relative to
the other variables. Furthermore, we perform additional tests to alleviate the concern of data
imbalance (Hand (2009)), due to the fact that recessions occur far less frequently than expansions.
We apply the minority oversampling technique (Chawla, Bowyer, Hall and Kegelmeyer (2011))
to show that the results are robust to this criticism.

These findings illustrate the importance of complementing existing factors predicting reces-
sions with measures derived from textual analysis of specialized news outlets. This can be
especially advantageous in periods in which the zero lower bound (ZLB) on interest rates might
be binding for a long period and the central bank might be focusing on quantitative easing and
forward guidance in communicating the future course of monetary policy. This is also consistent
with recent research of Fendel, Mai and Mohr (2021) showing that the term premium might
not be as good of a recession predictor for the euro area as in previous periods because of the
ZLB. Our findings are complementary to other real-time measures of economic activity, namely,
nowcasting techniques that use economic data at different frequencies to produce more stable
real-time measures of economic activity (see Evans (2005); Giannone et al. (2008); Banbura et al.
(2013); Ferrara and Simoni (2023); Algaba, Borms, Boudt and Verbeken (2023)).

Recent literature has also found that different measures of newsflow may be useful coincidental
and leading indicators of business cycles. Larsen and Thorsrud (2019) use a Latent Dirichlet
Allocation (LDA) approach to show that many topics in a Norwegian financial newspaper have
predictive ability for economic fluctuations in Norway, and Eggers, Ellison and Lee (2021) show
the importance of media recession announcements in affecting economic activity. Manela and
Moreira (2017) also construct a measure of stock market uncertainty based on newspaper articles
that can predict stock returns and economic recessions, while Kelly, Manela and Moreira (2021)
develop a machine learning text selection model that can be applied to forecasting macroeconomic

time series. Baker, Bloom and Davis (2016) provide another prominent example using “target



phrases” to measure economic policy uncertainty, while Caldara and Iacoviello (2022) use a
similar approach to measure geopolitical risk. Relative to these approaches, our contribution lies
in showing how a simple measure that relies on an observable trigger-word like “recession” can
predict economic activity.”

A more closely related study is by Bybee, Kelly, Manela and Xiu (2024) who use a LDA
approach based on Wall Street Journal articles to extract broad themes to predict the business
cycle. Our contribution follows a simple and focussed approach that is easy to implement by
relying on counts, or sentiment associated with, the word “recession”. This method is more
transparent and easily replicable, allowing us to track media attention over the business cycle
without the complexities of topic modelling.

The rest of this paper is organized as follows. Section II constructs and discusses the media-
based measures. Section III discusses the data used to proxy for the growth of U.S. REA, as
well as other variables used in the literature as predictors of REA. Section IV presents the main
empirical results and linear predictive regressions, both in-sample and out-of-sample. Section V
discusses a sentiment-weighted MRI and Section VI explores the predictive ability of the media-
based indices in a nonlinear context when forecasting the probability of a recession. Section VII

concludes.

II. News-Based Measures of Business Cycles

A. Construction of the News-Based Indices

We start by implementing a simple idea; we collect all the articles containing the word “reces-
sion” in two specialized financial newspapers; The Financial Times and The Wall Street Journal.
Using smaller targeted word lists avoids producing weaker results from ambiguities in interpre-
tation (Loughran and Mcdonald (2016)). In our case, the term “recession” unambiguously refers
to economic downturns. All else being equal, a sharp increase in the number of articles discussing
recession could be linked to general pessimism in the media regarding the economy.

We search the archives of these two newspapers in Factiva and obtain the total number of

"In unreported results, we include the economic policy uncertainty measure of Baker et al. (2016) and the
geopolitical risk measure of Caldara and Tacoviello (2022) as additional control variables. We find that our
out-of-sample forecasting results are unchanged.



articles mentioning the targeted word “recession” for every month in our sample, which covers
the period from January 1981 to December 2020.8 Our interest is in finding predictive signals for
U.S. REA and financial variables. A number of problems might arise from following our simple
search. The first problem is that the search might—and often does—yield articles that discuss
the economic situation in other countries. To minimize the noise caused by articles discussing
recessions in countries other than the United States, we apply the region filter provided by Factiva
to select only articles discussing the United States. Second, to eliminate articles mentioning
“recession” in a non-economic context, we use Factiva’s subject filter to select articles classified
as “economic news” only.

Finally, we note that the number of articles published every month which discuss the U.S.
economy significantly is not constant over time. There is no a prior:i justification for using the
raw count of articles rather than a measure that is scaled by the total number of articles in
the newspapers. They might both give the same information but it is ultimately an empirical
question which measure might contain more information about financial variables. We therefore
construct two media-based measures: the first is based on a simple count, while the second scales
that count by the total number of articles that discuss the economy in the United States.?

We construct the monthly raw and scaled media recession indices (MRIs) as follows:

MR[RCMUt = E H{Recession:l}iﬁt X H{S'our‘ce:FTJrWSJ N Economy N US}; 4 (]-)

)

§ H{Recession:l}m X ]I{Source:FTJrWSJ N Economy N US}; ¢

MRIScaled, = : (2)
ZH{Source:FTJrWSJ N Economy N US}; .

)

In Equations (1) and (2), I;recession=1},, 1S an indicator variable equal to 1 if article i in month

t mentions the term “recession” at least once and 0 otherwise; Iy source= FT+WSJ N Economy n US},.

8Using Factiva, we collect 85,971 articles discussing the U.S. economy, of which 10,210 specifically mention
the term “recession”.

9We experiment with an alternative normalization, under which the denominator is the total number of articles
published in the selected newspapers in month ¢, regardless of the topic and the subject of the article. We find
that the results hold in general for this alternative normalization, but that they are generally statistically weaker
than the results obtained in the baseline specification. Under this alternative normalization, a sudden increase
(decrease) in the number of noneconomic news and/or news about countries other than the United States, such as
a natural disaster in Japan or a terrorist attack in Europe, would cause our index to sharply decrease (increase),
even in the absence of changes in the news discussing the U.S. economy.



is an indicator variable equal to 1 if article ¢ in month ¢ discusses the U.S. economy; and
“Source=FT+WSJ” refers to the publications being used. The scaled MRI in Equation (2)
scales the raw MRI in equation (1) by the number of articles mentioning the word “recession”
and are related to U.S. economic news. It is an empirical question which of the two measures

will be more suited for detecting weakening economic activity.

B. MRI Descriptive Statistics

Table I presents descriptive statistics for the raw and scaled MRIs constructed using Equations
(1) and (2), respectively. The number of articles mentioning the term “recession” increases
significantly during NBER-dated recessions, from an average of 18 during expansions to 46
during recessions; the scaled MRI experiences a similar increase in recessions (mean of 0.22)
when compared with expansions (mean of 0.10). Both differences-in-means (28 for the raw
measure and 0.12 for the scaled one) are statistically significant at the 1% level. Interestingly,
even though the volatility of the raw MRI more than doubles during recessions (when compared
with expansions), the same cannot be said of its scaled counterpart. Specifically, the raw (scaled)
MRI’s standard deviation increases from 20 (0.07) during expansions to 48 (0.10) in recessions.

The two indices are also positively correlated. The unconditional correlation is 0.69, and
this correlation does not vary significantly between expansions and recessions, i.e. the raw and
scaled MRIs do not become more (or less) correlated during recessions when compared with
expansions. Importantly, the fact that the correlation is not equal to one indicates that the two
measures can provide different signals about the state of the economy. Moreover, the two series
are positively serially correlated with the first order autocorrelation ranging between 0.74 and
0.82, respectively, indicating that these variables are not strongly persistent.

Figure 1 plots the time series for the raw and scaled MRI in Panels A and B, respectively, and
shows how they behave over the business cycle. Both indices rise ahead of a recession, and they
remain elevated over most of the recession periods, relative to the expansion periods. Both have
their highest values before the 2008 Great Recession. Nevertheless, differences between the two
variables can be detected; the scaled MRI sometimes peaks without being followed by a recession
(creating potential false alarms), a behavior that appears to be less frequent for the raw MRI.

Figure 1 clearly shows that the MRIs rise during NBER recessions but we are interested in

their predictive ability over the business cycle, so we next focus on the period around the four



NBER recessions in our sample.!’ Zooming in allows us to better visualize the behaviour of
the news-based indices shortly before, during, and after recessions and to observe differences in
behaviour between recessions. We standardize both MRIs to have a unit standard deviation so
that they can be more easily compared. Figure 2 shows that all recessions in the United States
have been preceded by an increase in either index in excess of 2 standard deviations and that,
importantly, this increase precedes the NBER announcement date. Therefore, the announcement
of the NBER official date is not driving the spike in these indices. When comparing the raw
and scaled MRIs, we note that, except for the 1990-1991 recession, the raw MRI experiences a
greater spike. The difference can be quite dramatic: this is especially evident in the case of the
Great Recession of 2007-2009, where the 17-standard deviation spike in the raw index dwarfs the
5-standard deviation increase in the scaled MRI.

Figure 2 also plots a widely followed coincident indicator created by The Conference Board
(CEI). In three of the four recession episodes in our sample (1990-1991, 2001, and 2007-2009),
both the raw and the scaled MRI measures exhibit a noticeable increase prior to any down-
ward movement in the CEI indicator. This pattern suggests that the MRI responds to evolving
macroeconomic conditions earlier than CEI rather than simply reflecting information already
incorporated in CEIL. The only exception is the 2020 recession. The dynamics during this episode
are atypical because the COVID-19 shock unfolded extremely rapidly, with an abrupt and un-
precedented collapse in economic activity. We note that the MRIs in 2020 also rose but CEI in
this episode had a large drop when the pandemic was recognized.!! Our later results are robust

whether the COVID recession is included or not in the analysis.

C. Context and MRI

We also want to better understand the context in which a recession is mentioned in the press.
To do so, every time “recession” is mentioned, we extract the fragment of the text 10 words before
and after the word “recession”. We find 15,508 unique words that appear in these fragments

(excluding “recession”), and show the frequency with which each of these words appear using a

10The 1981-1982 recession is technically in our sample. However, the first article we obtain is dated October
1981, more than 2 months into the 1981-1982 recession. Accordingly, both indices are zero in the entire period
leading up to that recession. For this reason, we omit this recession in the zoomed-in analysis.

' The same conclusions arise when using another coincident indicator consructed by the Federal Reserve Bank
of Atlanta using now-casting methods (GDPNow). The correlation between CEI and GDPNow is 0.94.



word cloud, where the size of each word is indicative of its frequency.

Figure 3 shows that there are some terms that occur very frequently when recessions are
discussed in all four decades in our sample. The most frequent words are “economy, growth,
FED, risk, inflation, interest rates, recovery, market”. These mentions illustrate the importance
of the central bank, inflation, and interest rates when discussing the risks facing an economy.
These words (in particular, the Federal Reserve, inflation and interest rates) feature prominently
in the historical description of Federal Reserve interest rate tightenings described by Blinder
(2023).

Interestingly, these words do not feature in the same frequency over time and therefore there
is variation over time in the context in which a “recession” is being discussed. We generate a
word cloud by decade in Figure 4, allowing us to observe a change in the narratives in which
recessions are discussed in the news media. We find that the words “inflation”, “fear” and “risk”
were more pervasive in the 1980s than from 1990 onwards.

We conclude that articles mentioning “recession” tend to also discuss economic variables like
inflation and interest rates, but the frequency can change over time, presumably reflecting events
about the probable cause of a recession. The central bank is prominently discussed in all these

articles over all four decades.



III. Other Data

A. Variable Definitions

We consider five monthly economic variables as proxies for real economic activity (REA) in the
United States. The first variable is the industrial production index (IP) growth, which captures
changes in the level of output in the industrial sector. The second variable is the growth rate of
total non-farm payrolls (NFP), representing the total number of U.S. workers in the economy,
excluding farm employees, the unincorporated self-employed, and unpaid volunteers. The third
variable is the growth rate of real personal income less transfer payments (RPILTP), which
reflects income earned from market-based economic activity after excluding government transfer
payments. The fourth variable is the growth rate of real manufacturing and trade sales (RMTS),
capturing fluctuations in inflation-adjusted sales across the manufacturing, wholesale, and retail
sectors. The fifth variable is The Conference Board’s coincident economic indicator (CEI), a
composite index designed to track current economic conditions by aggregating information from
IP, NFP, RPILTP, and RMTS.

The proposed predictors of business-cycle activity are benchmarked against several variables
that have been shown to have predictive power for real economic activity (REA) growth. The
first variable is the term premium (TERM), defined as the spread between the 10-year Treasury
bond yield and the 3-month Treasury bill rate (Estrella and Hardouvelis, 1991). The second is the
Purchasing Managers’ Index (PMI) obtained from the Institute for Supply Management, which
is a survey-based diffusion index commonly used to forecast changes in manufacturing activity.
Third, we include the Consumer Sentiment Index (CSI) produced by the University of Michigan,
which captures households’ expectations and has been widely used as a leading indicator of
economic conditions. Finally, we incorporate returns on the S&P 500 index (S&P500), reflecting
forward-looking information embedded in equity prices.

Table II summarizes data sources, sample start dates, frequencies, and variable transforma-

tions.
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B. Descriptive Statistics

Table III reports descriptive statistics for all variables; Panel A presents the unconditional
statistics, while Panel B presents the statistics for recessions and Panel C for expansions. For
all five REA proxies, the mean growth is lower during a recession than during an expansion,
and the difference-in-means is economically significant as well as statistically significant at the
1% level (last row in Table). Furthermore, we note that U.S. recessions are characterized with
higher uncertainty: the standard deviation for the five REA proxies is significantly larger during
recessions than during expansions. The findings confirm that, in our sample, the proxies are very
tightly correlated with a recession indicator, which is consistent with the literature.

Table III also reports descriptive statistics for the four predictor variables. All of these vari-
ables have pronounced and statistically significant differences between recessions and expansions.
TERM rises by around 34 basis points during recessions (from 1.70 to 2.04 percent). PMI, CSI
and S&P500 all exhibit a negative (positive) mean during the NBER recessions (expansions);
as is the case for the other predictive variables, the difference-in-means is also statistically and
economically significant for these variables as well.

Figure 5 compares the raw MRI with TERM (Panel A), PMI (Panel B), CSI (Panel C) and
S&P500 (Panel D).'? We normalize all variables to have a unit standard deviation to make the
comparison between them easier. This Figure confirms that the MRIs sharply rise immediately
before a recession and seem like good candidates for further exploring their forecasting ability for
economic and financial variables. For instance, the raw MRI rises by over 17 standard deviations
right at the start of the Great Recession in 2008, whereas all other variables rise much later in
that recession and by a much lower magnitude (in terms of standard deviations). A negative
term premium typically signals a recession. Panel A shows that this is indeed the case for 3 of
the last 4 recessions, but the premium did not turn negative before the 1990s recession, even
though the term premium did significantly decrease in the period leading up to that recession.
The raw MRI is more volatile than the PMI (Panel B), the CSI (Panel C) and even the stock

market (Panel D) and rises substantially before each recession after 2000.

12T maintain visual clarity and avoid overcrowding, Figure 5 displays the raw MRI exclusively, omitting its
scaled counterpart.
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IV. MRI as a Predictor

In line with the recession and long horizon predictability literature, we use both in-sample

and out-of-sample predictability regressions to evaluate each predictor’s empirical performance.

A. In-Sample Fvaluation

We first evaluate the in-sample properties of predictability regressions using our news-based

indices. The regressions are variants of

Yiiir = 0o+ BiMRI + BoY: + B3 Xt + €144+ (3)

In Equation (3), Y; .1, is the variable being predicted; it represents the cumulative log growth
from month ¢ to month ¢ 4+ 7, for 7 > 1; M RI; represents the MRI in month ¢; and X, is
a control vector for macroeconomic variables. Specifically, we control for the term premium
(TERM), the Purchasing Managers’ Index (PMI), the Consumer Sentiment Index (CSI) and the
S&P 500 returns (S&P500). We empirically test whether the MRIs have any forecasting ability
by estimating model (3) for 7 taking values from 1 to 12 months. All variables are standardized
to have a unit standard deviation so that they can be more readily interpreted. We report
Newey-West p-values (in parentheses), estimated with a number of lags equal to T%? (where T
is the sample size), as well as Hansen and Hodrick (1980) p-values (in brackets).

Our sample includes the short COVID-induced recession in the spring of 2020. This recession
was largely unexpected and very sudden and it is therefore hard to expect linear models to capture
the sudden drop in economic activity and asset prices. Even though results are stronger without
the COVID-induced recession, we perform the empirical analysis using data up to December
2020 that include this highly non-linear event. Moreover, we introduce a non-linear model in a
later Section that can be used to predict the likelihood of a recession at some point in the future.

Table IV shows evidence of in-sample predictability at different horizons for both measures
of REA using either the raw (Panel A) or scaled (Panel B) MRIs. In Panel A, the raw MRI is
statistically significant at all predictive horizons for all five REA growth proxies and for all the
horizons considered. The coefficients carry the sign we expect (negative), and are economically
significant. For instance, the magnitude of the coefficient implies that a 1-standard-deviation

increase in the raw MRI predicts a statistically significant drop of 32.1% of a standard deviation
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in NFP at the 12-month horizon. Similar quantitative conclusions arise from Panel B, which
reports results for the scaled MRI. Overall, the results indicate that both the scaled MRI and
the raw MRI exhibit strong economic predictability at all horizons.

We also find it informative to report results graphically (up to 24 months). For each of the
five dependent variables (IP, NFP, RPILTP, RMTS and CEI), Figure 6 Panels A to E plot the
Hansen and Hodrick (1980) p-values based on equation (3) for the independent variables MRI,
TERM, PMI, CSI and S&P500, respectively, and at different forecasting horizons. These graphs
show that the raw MRI is in general significant and below the 10% p-value for most horizons.
The same cannot be said for any of the other predictors in the model: the Raw MRI does the
best job in in-sample predictions.'3

The predictability improvement can be seen more clearly when making adjusted R-squared
comparisons across models. Figure 7 plots the adjusted R-squared for the full model (i.e., model
(3)), for the restricted model (i.e., model (3) excluding the raw MRI) and the difference between
the two for different forecasting horizons. This is done for each of the five dependent variables
IP, NFP, RPILTP, RMTS and CEI in Panels A to E, respectively. The adjusted R-squared
substantially increases for the specifications with the raw MRI variable with the increase reaching
up to 23% for some horizons. The change in adjusted R-squared illustrates that each news-based
variable can be a very useful predictor relative to the interest rate predictors at all horizons up
to 2 years.

One might worry that a linear model should not be capturing the rapid deterioration in
economic activity witnessed in March 2020. We have repeated the analysis limiting our sample
to December 2019. We find that the results are largely unchanged (unreported for brevity). Our
explanation is that even though the forecasting model is linear, the MRIs are highly non-linear
and move very quickly and in a non-linear way, as Figure 1 shows. We consider this an advantage
of the MRIs. Nevertheless, in Section VI we explicitly introduce a non-linear model to capture

the potential non-linearities that arise from rapid changes in economic activity and asset prices.

13For brevity, we only show the results for the raw MRI; the results for the scaled MRI are similar and available
upon request.
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B. Owut-of-Sample Evaluation

Good in-sample performance does not necessarily guarantee that the news-based indices will
perform well out-of-sample. For instance, Stock and Watson (1989) construct a leading index
with encouraging in-sample results that failed to predict the recession in the early 1990s. The
out-of-sample performance is assessed for the period from January 2000 to December 2020.14
The first step is therefore to estimate models (4) and (5) set out below, respectively, called the
restricted and full models; the only difference between the two models is that the full model (5)

includes the variable of interest (i.e., M RI;), whereas the restricted model (4) does not:

Yiitr = Po + B2Y: + B;,Xt + €t tir (4)

Yitir = Bo + BiMRI; + B2Y; + ,Bé.Xt + €t ttr (5)

The equations are estimated recursively using an expanding window, with the first estimation
being performed for the period from January 1986 to December 1999 (this window ensures that
the estimation period contains at least 10 years of data and includes at least one recession). Then,
for each of these two models, using the parameters obtained in the estimation, we construct a
forecast of the dependent variable Y for a horizon 7 equal to 1, 3, 6, 9 and 12 months ahead. We

denote by E, [Ytl;ilﬂ and [E, [Kﬁf”f”m‘i] the 7-month-ahead forecasts estimated by the full and

restricted models, respectively, based on information at time ¢. Similarly, we denote by uﬁf‘jt”ded

Full

o the forecasting errors of the restricted and full models, respectively. The forecasting

and wu

errors are defined as:

uﬁ_@jtrict@d — ]Et [Y;?isiricted} o Yt,t—&—'r (6)
UthT” = [ [Y;tf;iil—] = Yit4r (7)

We then compute the out-of-sample R-squared as:

Var(ufh)

Restricted

OOSR?>=1-— )
T Var(uligstraed)

(8)

14Gince the cutoff date is chosen arbitrarily, we reproduce our out-of-sample results for different cutoff dates.
Finally, we show that our results are robust to using a moving window (as opposed to the expanding window
approach in the baseline results). Our conclusions remain unchanged and for brevity we report the relevant results
in the Online Appendix, Section OA.III.

14



A positive (negative) out-of-sample R-squared at horizon 7, denoted by OOSR?, means
that adding the news-based index M RI; improves (worsens) the model by reducing (increasing)
the variance of the forecasting errors. We follow Clark and Mccracken (2005) to estimate the
statistical significance of the out-of-sample R-squared.!®

Table V presents the results for the raw and scaled MRIs. Our conclusions are as follows.
First, the results echo the in-sample findings: the inclusion of either the raw (Panel A) or
scaled (Panel B) MRI improves the accuracy of out-of-sample forecasts. Second, we find that
the inclusion of the MRIs improves the out-of-sample forecast accuracy, and that the accuracy
gained by augmenting the restricted model with the MRIs is economically significant. The out-
of-sample forecasts can improve by at least 2.29% (when predicting for instance RMTS a month
ahead) up to 30.66% (when predicting RPILTP 12 months ahead).

We conclude that the MRIs are useful indicators of future economic activity. This conclu-
sion holds both in-sample and out-of-sample and is robust to different ways of computing these

statistics.'®

V. Sentiment and MRI

There are different ways of summarizing the information in the MRI measures. Our implicit
assumption is that the word “recession” conveys a negative sentiment that predicts a slowdown
in economic activity. However, an article might include sentences like “the economy avoided a
recession” or “the economy is unlikely to fall into recession”. Either of these would not represent
bad news about the economy. Another concern might be that the “sentiment” associated with
an article might provide an even better forecast for future economic activity.

To address these issues, we download all the articles published in the Financial Times in our
sample period that discuss the U.S. economy, thus obtaining 85,971 articles.!” To capture article

sentiment, we use one of the most common techniques in the literature: the dictionary-based

15The Online Appendix (Section OA.I) provides further details on how we compute the statistical significance
of the out-of-sample R-squared.

16Tn both in-sample and out-of-sample evaluations, we use the same Raw MRI and Scaled MRI series to test
the same hypothesis across different variables and horizons; this could be perceived as an instance of multiple
testing. We follow the suggestions of Hastie, Tibshirani and Friedman (2009) and apply the Bonferroni method
as an adequate correction for multiple testing. We do not report these results for brevity; the results remain
statistically significant.

17 Article content is needed to analyze how the word “recession” is discussed. We focus on the FT for tractability
reasons.
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approach. For each article, tone is measured by the raw frequency of negative words in that
article. We first select two of the Harvard IV-4 Dictionary lists, namely “decrease” and “fall”,
expanded with inflections and tenses as in Soo (2018); conservatively, we also delete the word
“recession” from that dictionary. The words included in the dictionary are listed in the Online
Appendix, Section OA.Il. For each article, we transform all words to lowercase and remove
all figures, punctuation, and stop words, except for negation terms (i.e., no, not, never, none,
neither, never, and nobody). We then define sentiment as the number of words in the article that
appear in the expanded negative dictionary, divided by the total number of words. We consider
all negative words that are preceded within five words by a negation to be positive in meaning.
Thus, they are not counted when computing the sentiment for each article. Next, we run the

following univariate linear OLS regression:

Sentiment; = a + 3 X Recession; + €;, (9)

where Sentiment; is the negative sentiment as described above and Recession; is an indicator
variable equal to 1 if article i mentions the word “recession” at least once and 0 otherwise. The
results of estimating this model are set out in Table VI: o and /3 are estimated at 0.0190 and
0.0107, respectively, and are both statistically significant at the 1% level. An article mentioning
the term “recession” is associated with a more negative sentiment. To put things in perspective,
the mean sentiment is 0.0203 with a standard deviation of 0.0182. This means that the negative
sentiment of articles that mention the term “recession” is 59% of a standard deviation higher than
their counterparts which do not mention this term; this impact is economically and statistically
significant. Therefore, the overall sentiment of articles that contain the word “recession” is
negative.

Next, we compare the sentiment for articles that mention the term “recession” (solid line)
and the those that do not (dotted line) in Figure 8. Clearly, we can see that articles that mention
“recession” have a more negative sentiment than those that do not mention this term, especially
during periods approaching recessions (1991, 2001, 2007-2008, 2020).

In order to disentangle the relative contribution of raw MRI and sentiment, we compare the

out-of-sample R-squared based on the following models that differ from each other through the

16



treatment of the sentiment variable. Specifically, we estimate:

Yisr = fo + BoYi + B Xy + BaMRIRaw, + €4 (10)

Yiirr = Bo + BriSentiment, + B2Y; + ﬁ;Xt + BuMRIRaw; + €144+ (11)

The variables Y; and X; are defined as in Section IV. The results are set out in Table VII.
These results imply that, including the sentiment in a model that already includes the raw MRI
has mixed results. The change is not always statistically significant for all horizons and all
variables (RMTS for example), while the increase is not substantial.

We also perform the opposite exercise, and estimate the out-of-sample R-squared based on

the following model:

Yiitr = Bo + BoYi + B3 Xy + BaSentiment, + €44 (12)

Yiitr = Bo + BiM RIRaw, + B2Y; + B;Xt + BaSentiment; + €44~ (13)

The results are set out in Table VIII. Even if the model includes sentiment as an explanatory
variable, adding the raw MRI improves forecasting ability in all the cases considered, both in
terms of economic and statistical significance across all horizons and all variables. It is important
to note here that these results are in line with the baseline results reported in the paper (in which
sentiment is not included as an independent variable). This result reinforces the idea that the
main predictive ability is coming from the frequency with which the word recession is used in
the media rather than the tone of the article mentioning “recession”.

A different way of using sentiment is to revisit Equations (1) and (2) where each article
mentioning “recession” is weighted equally. We propose a different weighting scheme that one
could apply to refine the MRI measures. We can extend these measures to reflect the sentiment
of an article, because sentiment also can be an important consideration. Specifically, if we can
measure the “pessimism” in an article, then ceteris paribus, a pessimistic article should carry a
higher weight than a neutral article. We implement this new measure by weighting each article

by its overall negative sentiment or tone, and define the sentiment-weighted media-based index
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(SWMRI) as follows:

SWMRIRawt = ZH{Recessionzl}i,t X H{Source:FT N Economy N US}; 4 X Sentimenti,t (14)

)

E H{Recession:l}iﬁt X H{Source:FT N Economy N US}; ¢ X Sentim@nti,t

SW M RIgeateq, = — (15)
Z H{Source:FT N Economy N US}; ¢.

7

We evaluate the forecasting ability of the sentiment-weighted measures in out-of-sample pre-
dictions; results are set out in Table IX. Comparing these results with the baseline results set
out in Table V, we find that, in general, the MRIs weighted by sentiment improve out-of-sample
performance in most cases, though this improvement is not economically significant. This shows

that most of the predictability is due to the frequency of articles mentioning “recession”.

VI. Predicting Recession Likelihood

A. Baseline

We now introduce a non-linear model to capture the potential non-linearities that arise from
rapid changes in economic activity. We do so by predicting the likelihood of a recession, rather
than the growth rate of REA. Specifically, we introduce a probit model to investigate whether
our news variables can forecast the probability of a recession, where the outcome variable is
binary (in an expansion or recession state) and defined using the NBER recession cutoff points
(see Estrella and Hardouvelis (1991) or Erdogan, Bennett and Ozyildirim (2015)).

The empirical model becomes:

Yiier = (6o + B1X:) + €ttt (16)

where Y} 4, is a recession indicator equal to 1, if any of the months from ¢ to ¢t + 7 are defined
as a recession by the NBER and 0 otherwise, with 7 > 1; X is a vector of predictors, and ®(-)

is the standard normal cumulative density function. In the baseline specification, we consider a
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horizon 7 equal to 6 months. Furthermore, we follow the previous analysis and consider three

specifications for the vector of predictors Xj.

e Model 1: the vector of predictors consists of TERM, PMI, CSI and S&P500.

e Model 2: the vector of predictors consists of TERM, PMI, CSI, S&P500 augmented by
the raw MRI.

e Model 3: the vector of predictors consists of TERM, PMI, CSI, S&P500 augmented by
the scaled MRI.

We perform an out-of-sample evaluation, and use two different approaches to assess the
MRIs’ forecasting ability, like in Fendel et al. (2021). First, we employ a methodology evaluating
the ability of the models to signal recessions, that is, we use the probit model to estimate the
probability of being in a recession in a few months given the information we have now. Second,
we use the same model in a different way by testing the ability of each model to forecast the lead
time to recessions (in months).

Starting with the signalling methodology, we derive a time series for the probability of a

recession based on each predictor, computed as follows:

Pr(Recession, ;. = 1) = ®(6o + B, X). (17)

In Equation (17), Recession; ;. is an indicator variable equal to 1 if a recession occurs within
7 months from date t, whereas BD and Bl are the estimated coefficients from Equation (16). We
assess the ability of each model to predict the likelihood of a recession out-of-sample separately.
The out-of-sample analysis is implemented recursively; we first estimate model (16) from the
starting date of our sample up to December 1999. We then store the estimated parameters [,
and Bl and use them to predict the probability of recession for a horizon of 7 equal to 6 months
using model (17). We then expand the sample size by 1 month and repeat the same procedure.

We follow Kaminsky and Reinhart (1999) and classify each point (signal) in the time series

based on four categories across correct and incorrect predictions as follows:

e True Positive (TP): The signal correctly predicts a recession within 7 months: Pr(Recessiong )
exceeds 50% at time ¢ and a recession occurs between t + 1 and ¢ + 7.
e False Positives (FP): The signal falsely predicts a recession within 7 months: Pr(Recession; ;)

exceeds 50% at time ¢t but a recession does not occur between t + 1 and t + 7.
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e False Negatives (FN): The signal incorrectly fails to predict a recession within 7 months:
Pr(Recession, t+.) is less than 50% at time ¢ but a recession occurs between ¢+ 1 and ¢ +7.
e True Negatives (TIN): The signal correctly does not predict a recession within 7 months:
Pr(Recession; ) is less than 50% at time ¢ and a recession does not occur between ¢ + 1

and t + 7.

We report the percentage of signals in each category, which is known as the confusion matrix
and based on the above classification, we follow Berge and Jorda (2011) to assess the ability
of the media-based predictors to provide accurate signals for a future recession in four different
ways. Specifically, we compute the percentage of correct signals (PCS) as (TP + D)/(TP +
FP + FN + TN), the percentage of recessions detected (PRD) defined as true positives, as
TP/(TP + FN) and the percentage of false alarms/positives (PFA) as FP/(FP + TN). All
three measures can be used to assess the ability of the media-based measures to provide accurate
signals about forthcoming recessions.

A fourth measure combines the individual information in each of these measures to provide a
more accurate picture of a model’s ability to make correct predictions. Specifically, we construct
a receiver operating curve (ROC) that describes the relationship between the PFA on the z-axis
and the PRD on the y-axis for different values of the cutoff threshold signaling a recession. A
predictive signal based on a random guess falls on the 45-degree line of this curve (PRD = PFA).
As such, the ROC points that lie above the 45-degree line are better than a random guess. If this
procedure is followed for different signaling thresholds (ranging from 0 to 1), we can compute
the area under the ROC (AUROC) as the integral of the resultant ROC. Typically, a signal
with an AUROC of less than 0.6 is not considered to be a good predictor, whereas a perfect
predictor would have an AUROC of 1. Therefore, for every predictor, we compute and compare
the AUROC as a fourth measure for evaluating the predictor.

Table X reports the results for the AUROC as well as the other signaling indicators for a
50% threshold.!® We first compare models 1 and 2, to evaluate the contribution of the raw
MRI. The confusion matrix first reveals that the inclusion of the raw MRI to the baseline model
mainly improves the true positives from 0.00% to 9.80%, whilst decreasing the false negatives

from 17.55% to 7.76%. The signaling indicators reflect this improvement: while we note that

18The confusion matrix and signaling indicators for other values of the threshold (e.g., 40% or 60%) are available
upon request.
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the inclusion of the raw MRI mildly improves the percentage of correct signals (from 81.22% to
96.53%), the most significant improvement is observed in the percentage of recessions detected,
which increases from 0.00% in model 1 to 55.81%. The caveat is that the inclusion of the raw
MRI increases the percentage of false alarms. In unreported results, we specifically look at where
those false alarms occur. We find that in most cases, those false alarms occur within 6 months
after a recession has ended. This is not a source of concern at this point, because the purpose of
the news-based indices is to detect the onset of recessions. Also, given that news-based indices
are constructed in a frequency-based methodology, false positives are expected: the specialized
news media is likely to still discuss the aftermath of a recession shortly after the recession has
ended. Comparing the AUROC across different models confirms that the raw MRI provides a
substantial improvement in signaling recessions, with the AUROC increasing from 65.35% to
85.33% between models 1 and 2. The comparisons of models 1 and 3 shows the incremental
impact of augmenting the baseline model with the scaled MRI. We find that the scaled MRI also
improves the baseline model and the improvements are of similar magnitude when using the raw
MRI.

We also use a second approach to compare the predictive ability across different signals.
Specifically, we investigate how early each signal crosses 50% threshold for the last three U.S.
recessions.!? Table XI reports the results. We clearly see that the inclusion of the MRI improves
the performance of the baseline model: the signal based on model 1 does not spike prior to
any of the 3 recessions considered, and only spikes as the 2020 recession starts. When the
model is augmented with the raw MRI, the signal spikes 3 months prior to the 2001 and 2008
recession while still spiking coincidentally with the 2020 recession. Here again, the scaled MRI
also improves the baseline model and the differences with the raw MRI are not economically
significant. We conclude that there is value in the MRI signals when interested in predicting

recession probabilities.

B. Imbalanced Data

The binary classification we have used has an unequal distribution of the two output classes.
In other words, the data is imbalanced as there are fewer occurrences of being in a recession than

in an expansion. In such cases, some standard metrics, such as the AUROC, may be misleading

19Results for other values of the threshold are available upon request.
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(Hand, 2009). We perform three sets of additional tests to complement our baseline work in
order to check whether our results are not suffering from data imbalance problems.

First, we construct two new measures: the area under the precision-recall curve (AUPRC) and
the balanced accuracy score (BAS). The AUPRC considers the trade-off between the sensitivity
(recall) of the classifier (defined as the rate of true positives to the sum of true positives and false
negatives) and its precision (defined as the rate of rate of true positives to sum of true positives
and false positives). Similarly to the ROC, we plot a precision-recall curve (PRC) which describes
the relationship between the sensitivity on the z-axis and the precision on the y-axis. We shall
measure AUPRC as a measure of performance: the baseline AUPRC is the fraction of positives
in our sample. In our case, the percentage of months with a recession is 11% of the total number
of months. As such, a model which is better than a random classifier should have an AUPRC
greater than 0.11. Why do we use the AUPRC? Unlike the ROC, the PRC does not use true
negatives at all, since they do not feature in the construction of either the recall or the precision.
As such, the AUPRC will completely “ignore” the substantial proportion of true negatives in the
data and will only “focus” on the small proportion of positives. AUPRC is therefore considered
a useful metric in imbalanced data.

The BAS measure deals with the problem that the accuracy measure (the ratio of true
predictions to total predictions) can be very misleading in an imbalanced data set. A naive
predictor which always predicts “no recession” will have a very high accuracy, but will not be
useful in predicting a recession. We therefore construct a metric which does not suffer from this
problem: the BAS which measures the average of the true positive rate and the true negative

rate. It is defined as:

TPR+TNR 1[ TP TN
pag— AT NR 1 1
S 2 2<TP+FN+TN+FP> (18)

Now, the naive classifier that only signals recessions (or only signals expansions) all the time
would get a BAS of 0.5; the maximum theoretical BAS is 1 for a perfect classifier.

Results are in Table XII. The inclusion of the raw MRI significantly improves the AUPRC
from 29.60% in model 1 to 68.15% in model 2. We also find that the BAS greatly improves
when the raw MRI is included as an additional predictor, increasing from 49.26% to 74.44%.
The results also show an improvement for the scaled MRI (the AUPRC increases to 48.50% and
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the BAS to 62.32%).

Second, another criticism for imbalanced data is that the AUROC measure may not be a
good classifier of which model is better. If the ROC curves of two different classifiers cross each
other, it is not clear which classifier is better (Hand, 2009; Chawla et al., 2011). An easy way to
check whether this is the case is to plot the ROCs obtained using models 1, 2 and 3 and we do so
in Figure 9. The Figure clearly shows that the ROC obtained from model 2 (with the raw MRI)
and the ROC obtained from model 3 (with the scaled MRI) are both above the ROC from model
1 at all points, and do not cross it at all. This demonstrates that the inclusion of either the raw
or the scaled MRI is a clear improvement to the baseline model. Because the ROC curves for
models 2 and 3 intersect, we conclude that the two MRI variables offer similar predictive ability.

Third, we follow the approach developed by Chawla et al. (2011) to address the issue of
imbalanced dataset.? Briefly, this approach consists of oversampling the minority class by syn-
thesizing new examples from the existing dataset and is called Synthetic Minority Oversampling
Technique (SMOTE). We use the SMOTE algorithm and reproduce the results of the signaling
approach; the results are set out in Table XIII and should be read in juxtaposition with their
non-SMOTE counterparts in Table X. We first find that all models predict far more recessions
with SMOTE than without. This is reflected in an increase in PRD and PFA with SMOTE.
The AUROC also slightly improves with SMOTE. Importantly for us, even with the SMOTE
algorithm, the results point to the fact that the inclusion of the raw MRI significantly improves

the baseline model. Similar findings arise with the use of the scaled MRI.?*

VII. Conclusion

We propose news-based indices that can be used as leading indicators of real economic activity
growth and recessions. The indicators are based on articles in the Financial Times and the Wall
Street Journal, and use different simple ways of weighting articles that include the key word
“recession.” The constructed indicators outperform predictor variables that are well established
in the literature. Our key contribution arises from showing that a simple measure that relies on

the number of times the word “recession” shows up in the financial press can be a useful signal

20We thank an anonymous referee for the suggestion to do so.
2In unreported results, we also find that the AUPRC and BAS also improve with the use of SMOTE.
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for future macroeconomic activity. We believe our findings can be useful for central banks and

investors interested in business cycles and investment management.
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Figure 1. Raw and scaled media recession indices (MRIs). The raw and scaled MRIs
are based on the WSJ and FT and are defined as in Equations (1) and (2), respectively. Shaded
areas indicate NBER-dated U.S. recessions.

28



—— Scaled —— Gcaled
34 +— Raw 2] +— Raw
—-- CH —- CH
A _Date - 25/04/91
2 fnounc. Late 41 3 Announc, Date - 26/11/01
2 4
1 4
l 4
0 1 4
o] .
4
-1 4 d 1
1990 1991 1992 2001 2002 2003 2004
Panel A. 1990-1991 U.S. Recession Panel B. 2001 U.S. Recession
—— Scaled 54 —— Scaled
10 4 +— Raw 5 -+ Raw
—-- CH \ | —- CH
g8 r—
04 M
Annmounc. Date - 01/12/08
6 1 = )
[
% Announc. Dape - 08/06/20
-5 e
44 o |
N
2 i- |I
| B i
M_{"\; AN A 10 T
T TEN M
0 e |
i ! 1
4 1!
. s -15 !
, d i
007 2008 2009 2010 018 2020 2021
Panel C. 2007-2009 U.S. Recession Panel D. 2020 U.S. Recession

Figure 2. Comparison of the raw and scaled MRIs. The raw and scaled MRIs are based
on the WSJ and the FT and are defined in Equations (1) and (2), respectively. CEI is a widely
followed indicator constructed by The Conference Board. All indices are standardized to have a
unit standard deviation to be comparable. Shaded areas indicate NBER-dated U.S. recessions.

29



o
=
(D
N

mean factur rospect ermany september e
1S economist d.jwn?t'u}:' price end e
ECt
t
I, I I gﬂ FE’E :

last wee defi central ank Hmr

EEm
LS

x mL
:: I
-~ Jc

& 5

=

» economic growth
=t
(@l
(=8
=

.
5 americanp
continue

nough
U”U:

ast expected

mig ht e ]E'mp}:':uym:!:'nt

ﬁ_ﬁproblem

fﬂ”ﬂarﬂ inpact Stock market take »
e ok a decline vay | N %
E interest rate contlnued _{:
Ellke:l‘ymnetarypallcnyderal reserve -g

mhether

Zspen

began

ek

ea

O
slobal f;rmmmé}’“r‘f1nvest0r ®)
U
Qe

- clzl-eep
- expect

erlca

muc h‘ " month
- come sta tL sector
f;}" Ltime o ey tnal.} ;“{E,Egbsﬁ“

T}
L
=
[=
=
(=8

sterday
next year crisisunemploy

.eurozone umérsl back W I"]_d
alread S v -
y g dr':.l s.tant dc}ll
y ;
Lo @recover!
1HCar§ESE yea CDmpanlegwe gDVErﬂmE‘ﬂt

Figure 3. Word Cloud around the Term “Recession”. This figure presents the word
cloud of the words occurring within a distance of 10 words before or after the term “recession”
in articles published in FT between 1980 and 2020. Terms are assigned a font size proportional
to their frequency in the corpus of documents.

30



p,come forecast well high E’""ﬂeurozone erecaSt.‘ e recent,

daegllat lObal O n balFl a r;:(k untr r l S lnflatlon

ana YSt eal T ¢~ result

‘ Effectg Prospeg . a t ear

}ow own YAk decline ©€nd P
economlc y e a r Tk, =
+ umbe e ,;por:
ce y q d economist ¢ e
2.5 already = fedefal FEServe 1 y s
c = 1.'_ E" LU un § fangneaat marker Y€
g g o 8 é —E - f‘E need 5 2§§ tmnkrernalnn'=)<t \:’:‘” month EEEEE & E yESLeLra)
Sol St § i = 58 Ok 5 3

> suggest * Jevel ‘Gg% mu C h E rising

5 ~HO —~ = seen ']; - nope
olnf;atlon K Deary /O £ %or i A ikely

t-’qrecent f Izwnturn Slgn _ k J apan new it% 5 e _I:ea r(

L rate cut I K R g ) WU though
Estuc mar| ketmumnes annther H\,SPEEaIE?]rlgher t:* nf;a?:u;eo n e = - lnveStor companlesl g
- i g : f t §>< m high septesbe ‘E
spen mg ye % ut 1I‘S nnnnnnnn N need W
T Y O ethye Yy .53y federal-reserve
llkelycountry‘ & expes:ted last migh dema : -r%E GJCUF, a r seen

fU e V e n f loukJOdSEMtl e w—llztle dol la E un(»-'r'fl.:)-‘.-lrir’\ﬁ d : might
remaln u o 2 err1se S eending g stock
wellfalf e G | 1 e
= world fall CONCErN e cleman"gr Iise economlcmpwayt”of lgwgﬁ ggfprr?nent
Panel A. 1980 to 1989 Panel B. 1990 to 1999

lnflat 1 dowmumr e C Ove ry I_C|entral baﬂrk_ |f(0"F1'esc"a“=§t == _next year

m"her al(hough companles foreca st L SEN T
(gv]
ol () R =)s Visreint end

downturn

might n eW g

c_Q wa ;;:1e manycm:l“;: e a r % 'MngCllne ¢ i:vesto-rm;?mij:fu CffsTﬁQ Eﬁ
m© " n(:i]j Statefa l ]_ Tesst e V e n = |—|’—:§w= e a erly W MUC
4192 -E yCQ @n next ‘,_.yea r fﬂgg i K ek

w Likely T&B g iy

helic c :
O or'lSEe"‘r
(&)

o Iew”*"ﬂ“do la el d :
= hit :mranmresnc pr odl t K

fedéral égm% %jw%;

!

w

ﬁ?:
Q

£
£
=
r |_|
'_'m
7
° -]
5
3
N
2
E
3
Q
g
D
3
%
5
3
o
[=]
8!
e
5
2

ogio

=)
o
o |
[h""
ﬁ
.
v
é‘fDo
;
o
D

economic grow
i_z
(D £+

FlSEi}‘f;e?Pelnvestor rt]rmt world Far governmel
= A'lf)ur ! ‘back g E ; - £ 2
e eve i h L E number o i . o K
Tow ,‘E: 2 i Wehink
o stock mar ket economLc growth g b=t eport o Bross domestic 2 concern
. ex ecte 11 resul
Et eeconomc J a p a consumer p e u “\fxe fe e V n seeﬁnef eConomist
z problem early g~ G .. COUNTIY ]_]_
; y " u k believe . ;e = o "janother ., 0 a r
5 | (0 i
already ]lﬂWOI'ld government race & L % economic COnsume T 5tock market swo e
Panel C. 2000 to 2009 Panel D. 2010 to 2020
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Figure 5. Raw MRI and REA Predictors. The raw MRI is based on the FT and the WSJ
and are defined in Equation (1). TERM is the term premium, defined as the difference between
the 10-year Treasury bond and the 3-month Treasury-bill rate; PMI is the Purchasing Managers’
Index; CSI is the Consumer Sentiment Index; S&P500 is the return on the S&P500 index. All
variables are standardized to have a unit standard deviation to be comparable. Shaded areas
indicate NBER-~dated U.S. recessions.
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Figure 7. In-sample regression summary (R-squared). This figure compares the adjusted
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Table I. MRIs: Descriptive Statistics

This table reports descriptive statistics for the raw and scaled MRIs. Descriptive statistics are computed for the full sample, during
NBER-dated U.S. recessions, and expansions. The sample spans January 1981 to December 2020.

Full Sample Recessions Expansions Difference in Means
Raw MRI  Scaled MRI = Raw MRI  Scaled MRI Raw MRI  Scaled MRI = Raw MRI  Scaled MRI

N 480 480 52 52 428 428
Mean 21 0.12 46 0.22 18 0.10 28¥** 0.12%%*
Std. Dev. 26 0.08 48 0.10 20 0.07
25%-Percentile 7 0.06 12 0.14 6 0.05
Median 14 0.09 38 0.22 12 0.08
75%-Percentile 25 0.15 59 0.30 23 0.14
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Table VI. Sentiment and MRI

This table reports estimation results for the re-
gression (9). Sentiment; is the negative senti-
ment as described above and Recession; is an
indicator variable equal to 1 if article i men-
tions the word “recession” at least once and 0
otherwise. Standard errors are robust to het-
eroskedasticity. ***p <0.01.

Coefficient Value
«@ 0.0190***
B 0.0107***

Adjusted R?  0.036
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Table VII. Out-of-Sample Evaluation - Sentiment (While Controlling for the Raw
MRI)

This table reports out-of-sample R-squared (Equation (8)) that compares the forecasting errors between the
restricted model (Equation (10)) and the full model (Equation (11)). The regressions are estimated for five
proxies of U.S. real economic activity (REA) growth (IP,NFP, RPILTP, RMTS and CEI). The model includes
the following control variables under the vector X;: TERM, PMI, CSI and S&P500. For all regressions, the
estimation period ends on December 1999 and the out-of-sample forecasting period starts on January 2000.
Out-of-sample forecasts are produced recursively. The table reports the coefficient out-of-sample R-squared and
p-values in brackets. p-values are computed from the nonstandard distribution of I'; (defined in the Online
Appendix) obtained from 5,000 Monte Carlo simulations. *p <0.1; **p <0.05; ***p <0.01. The sample spans
from January 1981 to December 2020.

Horizon P NFP  RPILTP  RMTS CEI
1 month 3.40%*%*  0.64% LES%*FF -0.28%  2.64%%**
(0.0014)  (0.1248)  (0.0044)  (0.4512)  (0.0056)
3 months 4.98%%FFF 4. 13%%FF  1.08%%FF  -0.23%  4.14%***
(0.0002)  (0.0000)  (0.0000)  (0.1950)  (0.0002)
6 months 5.10%%%F  6.30%%**  379%FFF  _0.42%*  6.62%*+*
(0.0000)  (0.0000)  (0.0000)  (0.0648)  (0.0000)
9 months S0.49%*F  0.04%%F  6.39%FFF  _0.77T%FF  2.11%%F*
(0.0128)  (0.0308)  (0.0000)  (0.0464)  (0.0000)
12 months L70%  0.33%%FF 5.00%FFF -2.22%  1.09%***

(0.1052)  (0.0020)  (0.0000)  (0.8998)  (0.0000)
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Table VIII. Out-of-Sample Evaluation - Raw MRI (While Controlling for the Senti-
ment)

This table reports out-of-sample R-squared (Equation (8)) that compares the forecasting errors between the
restricted model (Equation (12)) and the full model (Equation (13)). The regressions are estimated for five
proxies of U.S. real economic activity (REA) growth (IP,NFP, RPILTP, RMTS and CEI). The model includes
the following control variables under the vector Xz: TERM, PMI, CSI and S&P500). For all regressions, the
estimation period ends on December 1999 and the out-of-sample forecasting period starts on January 2000.
Out-of-sample forecasts are produced recursively. The table reports the coefficient out-of-sample R-squared and
p-values in brackets. p-values are computed from the nonstandard distribution of I'; (defined in the Online
Appendix) obtained from 5,000 Monte Carlo simulations. *p <0.1; **p <0.05; ***p <0.01. The sample spans
from January 1981 to December 2020.

Horizon P NFP RPILTP  RMTS CEI

1 month 0.13%*  3.50%***  0.11%* 144G 0.95%**
(0.0946)  (0.0008)  (0.0938)  (0.0066)  (0.0198)

3 months 0.55%%  5.69%***  5T8WNFE 2 TTYRRE 379 HHK
(0.0654)  (0.0000)  (0.0000)  (0.0000)  (0.0000)

6 months 3120%FF  91T%HFRE 10.22%FFF  6.98% K¢ 8.46%***
(0.0002)  (0.0000)  (0.0000)  (0.0000)  (0.0000)

9 months TEBU%FRE 9420 11.62%*FF  8.90%FF*  16.31%%**
(0.0000)  (0.0000)  (0.0000)  (0.0000)  (0.0000)

12 months B.63%FFF  16.66%%*F  17.73%FFF  5.94%*F*  19.70%%**
(0.0000)  (0.0000)  (0.0000)  (0.0000)  (0.0000)
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Table X. Assessing Recession Likelihood - Signalling Approach

This table reports the results of assessing the out-of-sample predictive ability of three models over recessions through the signaling
approach. Model 1 includes: TERM, PMI, CSI and S&P500. Model 2 (3) augments Model 1 by including the Raw (Scaled) MRI.
The table reports the confusion matrix (true positives (TP), false positives (FP), true negatives (TN) and false negatives (FN)), the
percentage of correct signals (PCS), the percentage of recessions detected (PRD), the percentage of false alarms (PFA) and the area
under the receiver operating curve (AUROC). These are defined in Section VI precisely. For the confusion matrix and for PCS, PRD
and PFA| the table reports results using a 50% threshold to determine whether a signal indicates a recession. Results are presented
for the predictive ability over a 6-month horizon. The sample spans from January 1986 to December 2020; the estimation period
spans from January 1986 to December 1999, and the forecasting period spans from January 2000 to December 2020.

Confusion Matrix Signaling Indicators
TP FP TN FN PCS PRD PFA AUROC
Model 1 0.00% 1.22% 81.22% 17.55% 81.22% 0.00% 1.49%  65.35%
Model 2 9.80% 5.711% 76.73%  7.76% 86.53% 55.81% 6.93%  85.33%
Model 3 5.71% 6.53% 75.92% 11.84% 81.63% 32.56% 7.92%  83.74%

Table XI. Assessing Recession Likelihood - Lead Time to Recessions

This table reports the results of assessing the out-of-sample predictive ability of three models. Model 1 includes: TERM, PMI, CSI
and S&P500. Model 2 (3) augments Model 1 by including the Raw (Scaled) MRI. The lead time to recessions is defined as the
difference between the time the probability of recession signals cross a given threshold and the start of the recession. The table
reports the results using a 50% threshold to determine whether a signal indicates a recession. ND denotes that the recession is not
detected by the signal, and C denotes that the recession is detected coincidentally, with no lead time. The sample spans from January
1986 to December 2020; the estimation period spans from January 1986 to December 1999, and the forecasting period spans from
January 2000 to December 2020.

2001 2008 2020

M1 ND ND ND
M2 3m 3m C
M3 3m ND C
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Table XII. Assessing Recession Likelihood - Addressing Imbalanced Data Concerns

This table reports the results of assessing the out-of-sample predictive ability of three models to alleviate concerns regarding the
imbalanced nature of the recession data. Model 1 includes: TERM, PMI, CSI and S&P500. Model 2 (3) augments Model 1 by
including the Raw (Scaled) MRI. The table reports the the area under the precision recall curve (AUPRC) and the balanced accuracy
score (BAS). These are defined in Section VI precisely. For the BAS, the table reports results using a 50% threshold to determine
whether a signal indicates a recession. Results are presented for the predictive ability over a 6-month horizon. The sample spans
from January 1986 to December 2020; the estimation period spans from January 1986 to December 1999, and the forecasting period
spans from January 2000 to December 2020.

AUPRC BAS

Model 1 29.60% 49.26%
Model 2 68.15% 74.44%
Model 3 48.50% 62.32%
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Table XIII. Assessing Recession Likelihood - Signalling Approach (with SMOTE
Algorithm)

This table reports the results of assessing the out-of-sample predictive ability of three models over recessions through the signaling
approach and using the SMOTE algorithm. Model 1 includes: TERM, PMI, CSI and S&P500. Model 2 (3) augments Model 1 by
including the Raw (Scaled) MRI. The table reports the percentage of correct signals (PCS), the percentage of recessions detected
(PRD), the percentage of false alarms (PFA) and the area under the receiver operating curve (AUROC). These are defined in Section
VI precisely. For PCS, PRD and PFA, the table reports results using a 50% threshold to determine whether a signal indicates a
recession. Results are presented for the predictive ability over a 6-month horizon. The sample spans from January 1986 to December
2020; the estimation period spans from January 1986 to December 1999, and the forecasting period spans from January 2000 to
December 2020.

Signaling Indicators

PCS PRD PFA  AUROC

Model 1 61.22% 67.44% 40.10%  70.31%
Model 2 66.53% 90.70% 38.61%  86.81%
Model 3 72.24% 86.05% 30.69%  85.45%
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