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Abstract

We extend back to 1890 the volatility implied by options index (VIX), available only since
1986, using the frequency of words on the front-page of the Wall Street Journal. News implied
volatility (NVIX) captures well the disaster concerns of the average investor over this longer his-
tory. NVIX is particularly high during stock market crashes, times of policy-related uncertainty,
world wars and financial crises. We find that periods when people are more concerned with a
rare disaster, as proxied by news, are either followed by periods of above average stock returns,
or followed by periods of large economic disasters. We estimate that the disaster probability has
a half-life of four to eight months and annual volatility of 4% to 6%. Our findings are consistent
with the view that hard to measure time-varying rare disaster risk is an important driver behind

asset prices.
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1 Introduction

Looking back, people’s concerns about the future more often than not seem misguided and overly
pessimistic. Only when these concerns are borne out in some tangible data, do economists tip their
hat to the wisdom of the crowds. This gap between measurement and the concerns of the average
investor is particularly severe when large rare macroeconomic events are concerned. In this case,
concerns might change frequently, but real economic data often makes these concerns puzzling and
unwarranted. This paper aims to quantify this “spirit of the times”, which after the dust settles is
forgotten and only hard data remains to describe the period. Specifically, our goal is to measure
people’s concerns regarding rare disasters and use this measurement to test the hypothesis that
time-varying concerns regarding rare disasters drive aggregate stock market returns. Our findings
are largely consistent with the rare disaster view, but let us describe our approach so our findings
can be better put in context.

Our approach can be divided into two steps. We first use option prices to estimate which words
on the front-page of the Wall Street Journal are related to swings in implied volatility of S&P 500
index options. We then use the estimated relationship to extend this asset price measure of rare
disaster risk through the end of the nineteenth century. This extension allows us to test, in a large
sample, two of the key predictions of the time-varying rare disaster risk hypothesis: (i) periods
when people are more concerned with a rare disaster are followed by periods of above average
returns, or (ii) followed by periods of large economic disasters.

We find strong evidence for both predictions. Particularly robust is the evidence for return
predictability in periods without disasters. When our measure of disaster concerns is one standard
deviation above average, returns in the next year are 2.69 percentage points larger on average. The
evidence for disaster predictability is clearly in the data, but must be read carefully as the number
of economic disasters is small. Our results are robust and cannot be explained by some natural
alternative explanations. We show that our predictability results are not driven by time-variation
in stock market volatility or by the truncation induced by the exclusion of disasters from the return
forecasting regressions.

The key underlying assumption in our analysis is that there is a stable relationship between

asset prices and the relevant words in the news coverage. We estimate this relationship using a



Support Vector Regression. The key advantage of this method over Ordinary Least Squares is its
ability to deal with a large feature space. This quality does not come without pitfalls, and the
data intensive nature of the procedure lead us to rely more on out-of-sample validation tests than
in-sample formal statical tests as would be standard in a conventional setting. We find that, news
implied volatility (NVIX) predicts volatility implied by options (VIX) out-of-sample extraordinarily
well, with an R-squared of 0.34 and root mean squared error of 7.52 percentage points.!

We investigate which words play an important role, and when, to describe the spirit of the times.
To do so, we classify words into five broad categories of words. We find that stock market related
words explain over half the variation in NVIX out-of-sample, and a higher share around market
crashes. War-related words explain 6 percent overall, and a particularly high share of variance
around world wars. Government, Intermediation and Natural Disaster related words respectively
explain 3, 2, and 0.01 percent of the variance. Intermediation-related news dominates NVIX vari-
ance when expected, mostly during financial crises. Remaining variation is due to unclassified
words. We find it quite plausible that changes in the disaster probability perceived by the average
investor would coincide with stock market crashes, world wars and financial crises. Since these are
exactly the times when NVIX varies due to each of these concerns, we find it is a plausible proxy
for disaster concerns.

Our approach to investigate formally if NVIX is a proxy for disaster concerns consists of testing
two joint predictions of the time-varying disaster risk hypothesis: (i) a proxy for the disaster
probability will be positively correlated with future returns in periods without disasters, as investors
demand compensation for the higher ex-ante disaster risk, and (ii) the proxy is positively related
to disaster events in the near future. This second prediction is unique to the time-varying disaster
risk hypothesis, but requires a large sample with at least a hand full of economic disasters. We
find strong support for these two predictions across a variety of sub-samples and for a variety of
alternative controls. A one standard deviation increase in NVIX increases annualized excess returns
by 4.14 (2.69) percentage points over the next three months (year). Analogously, a one standard
deviation increase in NVIX leads to an increase in the disaster probability from an unconditional

3% to 7% over the next three months.

We review in Section A.3 alternative text-based methods (Loughran and McDonald, 2011; Baker, Bloom, and
Davis, 2012) and explain why the chosen approach is superior for our purposes.



In addition to allowing us to directly tie back NVIX to disaster events, the disaster predictability
specification allows us to investigate if the amount of predictability detected in expected return
is plausible from a theory perspective. More precisely, the amount of return predictability and
disaster predictability are related by the expected risk adjusted disaster size. This restriction
allows us to use standard calibrations in the literature to test if the two predictions of the time-
varying disaster risk hypothesis are quantitatively consistent with each other. For example, it
could easily be the case that our tests detect predictability both in returns and disasters, but the
amount of variation in returns is orders of magnitudes larger than the amount detected in the
disaster predictability specification. In this case we would need an implausibly large disaster size
to reconcile the two specifications quantitatively. We find that the point estimates of both the
return and the disaster predictability specifications imply together risk adjusted disaster sizes that
are similar to risk adjusted disaster sizes considered plausible in the literature.

Our paper fits in a large literature that studies asset pricing consequences of large and rare
economic disasters. At least since Rietz (1988), financial economists have been concerned about the
pricing consequences of large events that happened not to occur in U.S. data. Brown, Goetzmann,
and Ross (1995) argues the fact we can measure the equity premium in the U.S. stock market using
such a long sample suggests that its history is special. Barro (2006) and subsequently Barro and
Ursua (2008); Barro, Nakamura, Steinsson, and Ursua (2009); Barro (2009) show that calibrations
consistent with the world history in the 20th century can make sense quantitatively of the point
estimates of the equity premium in the empirical literature. Gabaix (2012), Wachter (forthcoming),
Gourio (2008), and Gourio (2012) further show that calibrations of a time-varying rare disaster
risk model can also explain the amount of time-variation in the data. The main challenge of this
literature as Gourio (2008) puts it: “Is this calibration reasonable? This crucial question is hard
to answer, since the success of this calibration is solely driven by the large and persistent variation
is the disaster probability, which is unobservable.” We bring new data to bare on this question.

Our novel way of measuring ex-ante disaster concerns can shed light on the plausibility of these
calibrations. We find that concerns over disasters swing quite a bit, but not quite as persistent as
the calibrations in Wachter (forthcoming) and Gourio (2008) assume. Both calibrate the disaster
probability process to explain the ability of valuation ratios to predict returns, which means the

disaster probability process largely inherits the persistence of valuation ratios. Our results indicate



that shocks to the disaster probability process have a half-life between 4 and 8 months, which is
fairly persistent but inconsistent with standard calibrations in the literature.

Our paper is also related to a recent literature that uses asset pricing restrictions to give an
interpretation to movements in the VIX. Bollerslev and Todorov (2011) uses a model free approach
to back out from option prices a measure of the risk-neutral distribution of jump sizes in the
S&P 500 index. Backus, Chernov, and Martin (2011) challenge the idea that the jumps detected
by “overpriced” out of money put options are related to the macroeconomic disaster discussed in
the macro-finance literature. Drechsler (2008) interprets abnormal variation in VIX as changes
is the degree of ambiguity among investors. Drechsler and Yaron (2011) interpret it as a forward
looking measure of risk. Kelly (2012) estimates a tail risk measure from a 1963-2010 cross-section of
returns and finds it is highly correlated with options-based tail risk measures. Our paper connects
information embedded in VIX with macroeconomic disasters by extending it back a century, and by
using cross equation restrictions between disaster and return predictability regressions to estimate
disaster probability variance and persistence.

Broadly, our paper contributes to a growing body of work that applies text-based analysis to
fundamental economic questions. For example, Hoberg and Phillips (2010, 2011) use the similarly
of company descriptions to determine competitive relationships. The support vector regression we
employ offers substantial benefits over the more common approach of classifying words according
to tone. It has been used successfully by Kogan, Routledge, Sagi, and Smith (2010) to predict
firm-specific volatility from 10-K filings. We discuss in detail in Section A.3 the benefits of our
approach over alternative text analysis methods. Tetlock (2007) documents that the fractions of
positive and negative words in certain financial columns predict subsequent daily returns on the Dow
Jones Industrial Average, and Garcia (forthcoming) shows that this predictability is concentrated
in recessions. These effects mostly reverse quickly, which is more consistent with a behavioral
investor sentiment explanation than a rational risk premium one. By contrast, we examine lower
(monthly) frequencies, and find strong return and disaster predictability consistent with a disaster
risk premium by funneling front-page appearances of all words through a first-stage text regression
to predict economically interpretable VIX.

The paper proceeds as follows. Section 2 describes the data and methodology to construct

NVIX. Section 3 reports which words drive NVIX variance over time to capture the spirit of the



times. Section 4 formally tests the time-variation in disaster risk hypotheses, reports our main

results and considers alternative explanations. Section 5 concludes.

2 Data and Methodology

We begin by describing the standard asset pricing data we rely on, as well as our unique news

dataset and how we use it to predict implied volatility out-of-sample.

2.1 News Implied Volatility (NVIX)

Our news dataset includes the title and abstract of all front page articles of The Wall Street Journal
from July 1889 to December 2009. We omit titles that appear daily.? Each title and abstract are
separately broken into one and two word n-grams using a standard text analysis package that
eliminates highly frequent words (stop-words) and replaces them with an underscore. For example,
the sentence “The Olympics Are Coming.” results in 1-grams “olympics” and “coming”; and 2-
grams “__ olympics”, “olympics _, and “_ coming”. We remove n-grams containing digits.>

We combine the news data with our estimation target, the implied volatility indexes (VIX and
VXO) reported by the Chicago Board Options Exchange. We chose to use the older VXO implied
volatility index that is available since 1986 instead of VIX that is only available since 1990 because
it grants us more data and the two indexes are 0.99 correlated at the monthly frequency.

We break the sample into three subsamples. The train subsample, 1996 to 2009, is used to
estimate the dependency between news data and implied volatility. The test subsample, 1986
to 1995, is used for out-of-sample tests of model fit. The predict subsample includes all earlier

observations for which options data, and hence VIX is not available.*

2We omit the following titles keeping their abstracts when available: ’business and finance’, *world wide’, *what’s
news’, 'table of contents’, 'masthead’, ’other’, 'no title’, financial diary’.

3Specifically, we use ShingleAnalyzer and StandardAnalyzer of the open-source Apache Lucene Core project to
process the raw text into n-grams.

4A potential concern is that since the train sample period is chronologically after the predict subsample, we are
using a relationship between news reporting and disaster probabilities that relies on new information, not in the
information sets of those who lived during the predict subsample, to predict future returns. While theoretically
possible, we find this concern empirically implausible because the way we extract information from news is indirect,
counting n-gram frequencies. For this mechanism to work, modern newspaper coverage of looming potential disasters
would have to use less words that describe old disasters. By contrast, suppose modern journalists now know the
stock market crash of 1929 was a precursor for the great depression. As a result, they give more attention to the
stock market and the word “stock” gets a higher frequency conditional on the disaster probability in our train sample
than in earlier times. Such a shift would cause its regression coefficient wstock to underestimate the importance of the
word in earlier times. Such measurement error actually works against us finding return and disaster predictability



Each month of text is represented by x;, a K = 374,299 vector of n-gram frequencies, i.e.

., . — appearences of n-gram i in month ¢
b total n-grams in month ¢

. We mark as zero those n-grams appearing less than 3
times in the entire sample, and those n-grams that do not appear in the predict subsample. We
subtract the mean VIX = 21.42 to form our target variable vy = VIX; — VIX. We use n-gram

frequencies to predict VIX with a linear regression model
vy = W + W - Xp + Ut t=1...T (1)

where w is a K vector of regression coefficients. Clearly w cannot be estimated reliably using least
squares with a training time series of T},.q;n = 168 observations.

We overcome this problem using Support Vector Regression (SVR), an estimation procedure
shown to perform well for short samples with an extremely large feature space K, to overcome this
problem.? While a full treatment of SVR is beyond the scope of this paper, we wish to give an
intuitive glimpse into this method, and the structure that it implicitly imposes on the data. SVR

minimizes the following objective

H(w,wo) = Y ge(vr—wo—w-x)+cllw|?,

tetrain

where ¢, () = max {0, |e| — €} is an “e-insensitive” error measure, ignoring errors of size less than

€. The minimizing coefficients vector w is a weighted-average of regressors

Wsvr= Y (4f —du)x (2)

tetrain

where only some of the T},.q;n observations’ dual weights oy are non-zero.5

SVR works by carefully selecting a relatively small number of observations called support vec-

using our measure.

®See Kogan, Levin, Routledge, Sagi, and Smith (2009); Kogan, Routledge, Sagi, and Smith (2010) for an application
in finance or Vapnik (2000) for a thorough discussion of theory and evidence. We discuss alternative approaches in
Section A.3.

5SVR estimation requires us to choose two hyper-parameters that control the tradeoff between in-sample and out-
of-sample fit (the e-insensitive zone and regularization parameter c¢). Rather than make these choices ourselves, we
use the procedure suggested by Cherkassky and Ma (2004) which relies only on the train subsample. We first estimate
using k-Nearest Neighbor with k£ = 5, that o, = 6.664. We then calculate ccar2004 = 29.405 and ecar2004 = 3.491.
We numerically estimate w by applying with these parameter values the widely used SV M"9" package (available
online at http://svmlight.joachims.org/) to our data.



Figure 1: News-Implied Volatility 1890-2009
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Solid line is end-of-month CBOE volatility implied by options VI X;. Dots are news implied volatility (NVIX)
Uy + VIX = wy+ VIX +w-x¢. The train subsample, 1996 to 2009, is used to estimate the dependency
between news data and implied volatility. The test subsample, 1986 to 1995, is used for out-of-sample tests

of model fit. The predict subsample includes all earlier observations for which options data, and hence VIX
is not available. Light-colored triangles indicate a nonparametric bootstrap 95% confidence interval around
© using 1000 randomizations. These show the sensitivity of the predicted values to randomizations of the
train subsample.

tors, and ignoring the rest. The trick is that the restricted form (2) does not consider each of the
K linear subspaces separately. By imposing this structure, we reduce an over-determined prob-
lem of finding K > T coeflicients to a much easier linear-quadratic optimization problem with a
relatively small number of parameters (picking the T}.qi, dual weights o). The cost is that SVR
cannot adapt itself to concentrate on subspaces of x; (Hastie, Tibshirani, and Friedman, 2009). For
example, if the word “peace” were to be important for VIX prediction independently of all other
words that appeared frequently at the same low VIX months, say a reference to “Tolstoy”, SVR
would assign the same weight to both. Ultimately, success or failure of SVR must be evaluated in
out-of-sample fit which we turn to next.

Figure 1 shows estimation results. Looking at the train subsample, the most noticeable obser-



Table 1: Out-of-Sample VIX Prediction

Panel (a) Out-of-Sample Fit Panel (b) Out-of-Sample OLS Regression
v =a+ b0+ e, tEtest
R2 (test) = Var (0;) /Var (vt) 0.34 a  -3.55%FF  (0.51)
RMSE (test) =\ 5= Sicrew (v — 0)° 752 b 0.75%% (0.19)
Thest 119  R* 0.19

Reported are out-of-sample model fit statistics using the test subsample. Panel (a) reports variance of the

predicted value (NVIX) as a fraction of actual VIX variance, and the root mean squared error. Panel (b)

reports a univariate OLS regression of actual VIX on NVIX. In parenthesis are robust standard errors. ***

indicates 1% significance.

vations are the LTCM crisis in August 1998, September 2002 when the U.S. made it clear an Iraq
invasion is imminent, the abnormally low VIX from 2005 to 2007, and the financial crisis in the fall
of 2008. In-sample fit is quite good, with an R? (train) = % = 0.65. The tight confidence
interval around 0; suggests that the estimation method is not sensitive to randomizations (with
replacement) of the train subsample. This gives us confidence that the methodology uncovers a
fairly stable mapping between word frequencies and VIX, but with such a large feature space, one
must worry about overfitting.

However, as reported in Table 1, the model’s out-of-sample fit over the test subsample is ex-
traordinarily good, with R? (test) = 0.34 and RMSE (test) = 7.52. In addition to these statistics,
we also report results from a regression of test subsample actual VIX values on news-based values.
We find that NVIX is a statistically powerful predictor of actual VIX. The coefficient on 0 is sta-
tistically greater than zero (¢ = 3.99) and no different from one (t = —1.33), which supports our
use of NVIX to extend VIX to the longer sample.

NVIX captures well the fears of the average investor over this long history. Noteworthy peaks in
NVIX include the stock market crash of October and November 1929 and other tremulous periods
which we list in Table 2. Stock market crashes, wars and financial crises seem to play an important
role in shaping NVIX. Noteworthy in its absence is the “burst” of the tech bubble in March 2000,
thus not all market crashes indicate rising concerns about future disasters. Our model produces
a spike in October 1987 when the stock market crashed and a peak in August 1990 when Iraq
invaded Kuwait and ignited the first Gulf War. This exercise gives us confidence in using the model

to predict VIX over the entire predict subsample, when options were hardly traded, and actual VIX



Table 2: News-Implied Volatility Peaks by Decade

Decade Peak Months Noteworthy Events

1900s 04/1901 Railroad speculation leading up to “Northern Pacific Panic” a month later
1910s 11/1914 Start of WWI, temporary closing of U.S. markets

1920s 10/1929 Stock market crash leading up to a financial crisis and Great Depression
1930s 09/1937 Stock market crash, recession follows

1940s 01/1941 Start of WWII

1950s 12/1953 President Eisenhower’s budget and tax policy

1960s 06/1962 Stock market crash

1970s 10/1979 Recession, inflation concerns, 50 year anniversary of 29 crash

1980s 10/1987 Stock market crash (Black Monday)
10/1989 Stock market crash, 2 year anniversary of 87 crash
1990s 08/1990 Iraq invades Kuwait
08/1998 Russia defaults, LTCM crisis
2000s 09/2001 September 11 terrorist attacks
09/2002 U.S. makes it clear an Iraq invasion is imminent
10/2008 Financial crisis

The list was compiled by reading the front page articles of The Wall Street Journal in peak NVIX months
and cross-referencing with secondary sources when needed. Many of the market crashes are described in
Mishkin and White (2002). See also Noyes (1909) and Shiller and Feltus (1989).

is unavailable.

2.2 Asset Pricing Data

We use two different data sources for our stock market data. Our main time-series return data are
returns on the Down Jones index from Global Financial Data website, we will refer to this series
through out the paper as “the market” returns. The data is monthly from July 1871 to December
2010. Results are similar if we substitute the later part of our sample by returns on the S&P
500 index or total market portfolio index. We also use Shiller’s time series of aggregate S&P500
earnings from his website. We chose to use this data to run our predictability tests because this
index is representative of the overall economy and goes back a long way. We also use daily return
data on the Dow Jones index. This data goes back to January 1896 and is in fact the shortest of
our time-series and determines how far back we go in our study. We use this data to construct
proxies for realized volatility which is important when we explore alternative stories for our main
result. To compute excess returns we use a 90 day US government bonds yields from the Global
Financial Data website that goes back to 1920. For the earlier part of our sample we use yields on

10 year US government bonds. Results do not change if we use long bonds for our entire sample. In
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Table 3: Top Variance Driving n-grams

n-gram Variance Share, % Weight, % n-gram Variance Share, % Weight, %
stock 37.28 0.10 oil 1.39 -0.03
market 6.74 0.06 banks 1.36 0.06
stocks 6.53 0.08 financial 1.32 0.11
war 6.16 0.04 _u.s 0.88 0.05
u.s 3.62 0.06 bonds 0.81 0.04
tax 2.01 0.04 _ stock 0.80 0.03
washington 1.78 0.02 house 0.77 0.05
gold 1.46 -0.04 billion 0.67 0.06
special 1.44 0.02 economic 0.64 0.05
treasury 1.43 0.06 like 0.59 -0.05

We report the fraction of NVIX variance h (i) that each n-gram drives over the predict subsample as defined
in (3), and the regression coefficient w; from (1), for the top 20 n-grams.

addition to this two time-series we also use the VXO and VIX indexes from the CBOE. They are
implied volatility indexes derived from a basket of option prices on the S&P500 (VIX) and S&P100

(VXO) indexes. The VIX time series starts in January 1990 and VXO starts in January 1986.

3 The Spirit of the Times

What drives investors’ concerns at different periods? Are these concerns reasonable? The NVIX
index we constructed relies on the relative frequency of words during each month in the sample. In
this section we investigate which words play an important role and try to describe the zeitgeist -
the spirit of the times.

We begin by calculating the fraction of NVIX variance that each word drives over the predict
subsample. Define 0; (i) = x1;w; as the value of VIX predicted only by n-gram i € {1.K}. We

construct
Var (0, (7))
Yjer Var (9 (j))

as a measure of the n-gram specific variance of NVIX.” Table 3 reports h (i) for the top variance

h ()

(3)

driving n-grams and the regression coefficient w; from the model (1) for the top variance n-grams.
Note that the magnitude of w; does not completely determine h (i) since the frequency of appear-

ances in the news interacts with w in (3).

"Note that in general Var (9;) # Var (9, (j)) due to covariance terms.

jeEK
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Table 4: Categories Total Variance Share

Category Variance Share, % n-grams Top n-gram
Government 2.59 83 tax, money, rates
Intermediation 2.24 70 financial, business, bank
Natural Disaster 0.01 63 fire, storm, aids
Securities Markets 51.67 59 stock, market, stocks
War 6.22 46 war, military, action
Unclassified 37.30 373988 u.s, washington, gold

We report the percentage of NVIX variance (= > _;cc h (7)) that each n-gram category C drives over the
predict subsample.

Clearly, when the stock market makes an unusually high fraction of front page news it is a
strong indication of high implied volatility. The word “stock” alone accounts for 37 percent of NVIX
variance. Examining the rest of the list, we find that stock market-related words are important as
well. This should not be surprising since when risk increases substantially, stock market prices tend
to fall and make headlines. War is the fourth most important word and accounts for 6 percent.

To study the principal word categories driving this variation, we classify n-grams into five
broad categories of words: Government, Intermediation, Natural Disasters, Securities Markets and
War. We rely on the widely used WordNet and WordNet::Similarity projects to classify words.?
WordNet is a large lexical database where nouns, verbs, adjectives and adverbs are grouped into
sets of cognitive synonyms (synsets), each expressing a distinct concept. We select a number of
root synsets for each of our categories, and then expand this set to a set of similar words which
have a path-based WordNet:Similarity of at least 0.5.

Table 4 reports the percentage of NVIX variance (= Y ,cc (7)) that each n-gram category
drives over the predict subsample. Stock market related words explain over half the variation in
NVIX. War-related words explain 6 percent. Unclassified words explain 37 percent of the variation.
This large number speaks volumes about the limitations of manual word classification. Clearly
there are important features of the data, among the 374,299 n-grams that the automated SVR
regression picks up. While these words are harder to interpret, they seem to be important in
explaining VIX behavior in-sample, and predicting it out-of-sample. In Section 4.6 we find that

this unclassified category is a significant predictor of future returns.

8WordNet (Miller, 1995) is available at http://wordnet.princeton.edu. WordNet::Similarity (Pedersen, Patward-
han, and Michelizzi, 2004) is available at http://lincoln.d.umn.edu/WordNet-Pairs.
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Table 5: News Implied Volatility Breakdown by Categories

Category (C) Mean Std Dev 0, (C) = po + pti—1 (C) + €

p  SE(p) Half-life(p)
All (= NVIX) 4.06 4.65 0.82 0.02 3.53
Government 0.86 0.39 0.68 0.02 1.78
Intermediation 0.42 0.56 0.73 0.02 2.24
Natural Disaster -0.01 0.03 0.18 0.03 0.40
Securities Markets 3.15 2.45 0.89 0.01 6.00
War 0.33 0.59 0.90 0.01 6.71
Unclassified 8.63 3.19 0.77 0.02 2.61

We report the mean, standard deviation of monthly NVIX broken down by categories over the entire sample.
For each n-gram category C, o, (C) = x; - w (C) is the value of demeaned VIX predicted only by n-grams
belonging to C, where w (C) is w estimated from (1) with entries that are not part of category C' zeroed-out.
Also reported are estimates, standard errors, and implied half-lives (in months) from a AR(1) time-series

models. Half-life is the number of months until the expected impact of a unit shock is one half, i.e.
phalf—life _ 1
5-

3.1 NVIX is a Reasonable Proxy for Disaster Concerns

We use NVIX to proxy for the disaster probability in our investigation of return predictability
that follows in Section 4. Before doing so, we would like to gauge whether doing so is reasonable.
One way to answer this question is to ask what word categories drive NVIX variation in different
periods, and whether these words coincide with our sense of the events that defined each era.

To answer this question we construct separate NVIX time-series implied by each category. For
each n-gram category C, 0; (C') = x¢-w (C) is the value of VIX predicted only by n-grams belonging
to C. That is, w (C) is w estimated from (1) with entries that are not part of category C' zeroed-
out. Table 5 reports means and standard deviations for NVIX and a breakdown by categories. We
find that Securities Markets are the most volatile component with a standard deviation of 2.96.
The unclassified category has about half the volatility of NVIX itself.

Figure 2 plots five year rolling variance estimates for each category, scaled by total NVIX
variance centered around each month. We exclude unclassified words because those would make
in-sample and out-of-sample comparisons less meaningful due to differences in estimation error.

We observe that Securities Markets related words drive the lion’s share of variance circa 1900
leading up to the panic of 1907. Stock market coverage drives a relatively high share of the variance

around the 1929, 1962, and 1987 market crashes. The high-tech boom and bust circa 2000 are clearly

13



Figure 2: News implied Volatility Variance Components
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Stacked plot of five year rolling variance estimates for each category, scaled by total NVIX variance centered
around each month excluding unclassified words.

visible.

Interestingly, variation in NVIX due to Government-related words really picks up in the later
days of the Great Depression when the U.S. government started playing a bigger role as New Deal
policies were implemented. WWII coverage sidelined this trend which continued once the war
stopped. Intermediation-related news dominates NVIX variance when expected, mostly during
financial crises. Apparent in the figure are the panic of 1907, the Great Depression of the 1930s,
the Savings & Loans crisis of the 1980s and the Great Recession of 2008.

War-related words drive a large share of variance around World War I and more than half of
the variance during World War II. Wars are clearly a plausible driver of disaster risk because they
can potentially destroy a large amount of both human and physical capital and redirect resources.
Figure 3 plots the NVIX War component over time. The index captures well the ascent into and
fall out of the front-page of the Journal of important conflicts which involved the U.S. to various

degrees. A common feature of both world wars is an initial spike in NVIX when war in Europe
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Figure 3: News implied Volatility due to War-related Words
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Dots are monthly NVIX due only to War-related words 9; (Wars) = x; - w (Wars). Shaded regions are U.S.
wars, specifically the American-Spanish, WWI, WWII, Korea, Vietnam, Gulf, Afghanistan, and Iraq wars.

starts, a decline, and finally a spike when the U.S. becomes involved.

The most striking pattern is the sharp spike in NVIX in the days leading up to U.S. involvement
in WWIL. The newspaper was mostly covering the defensive buildup by the U.S. until the Japanese
Navy’s surprise attack at Pearl Harbor on December 1941. Following the attack, the U.S. actively
joined the ongoing War. NVIX[War| jumps from 0.87 in November to 2.86 in December and
mostly keeps rising. The highest point in the graph is the Normandy invasion on June 1944 with
the index reaching 4.45. The Journal writes on June 7, 1944, the day following the invasion:
“Invasion of the continent of Europe signals the beginning of the end of America’s wartime way of
economic life.” Clearly a time of elevated disaster concerns. Thus, NVIX captures well not only
whether the U.S. was engaged in war, but also the degree of concern about the future prevalent at
the time.

We find it quite plausible that changes in the disaster probability perceived by the average

investor would coincide with stock market crashes, world wars and financial crises. Since these are
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exactly the times when NVIX varies due to each of these concerns, we find it is a plausible proxy

for disaster concerns.

3.2 Attention Persistence

How persistent is the attention given to each category over time? One might imagine that following
a stock market crash, the average investor, and the media who caters to him, pays closer attention
to the stock market. Malmendier and Nagel (2011) document that individuals who experience low
stock market returns are less willing to take financial risk, are less likely to participate in the stock
market, invest a lower fraction of their liquid assets in stocks, and are more pessimistic about future
stock returns. Thus such important events and the attention they draw can have long-lasting effects
on the average investor and the provision of capital in the economy. But how long exactly do these
effects last?

Table 5 reports persistence estimates for NVIX and a breakdown by categories. The composite
NVIX has a half-life of 3.53 months, but this is not the case for all word categories. Since the
standard errors imply a tight confidence interval around the autocorrelation p estimates, we can
statistically differentiate between them. Economic news is much more transitory compared to
Government coverage which remains front-page news that drives NVIX for extended periods of
time.

The most striking result in Table 5 is the large persistence in front-page attention given to
Securities Markets and War. A p of 0.89 implies that six months after an increase in NVIX
coinciding with securities market attention, half of the increase remains. Wars have statistically
the same high degree of persistence. Our estimates show that war attention builds up gradually
and keeps driving investors’ concerns long after the soldiers come home. Figure 3 makes this point
graphically. Though harder to visualize for recent conflicts, we can see quite clearly, that after all
four conflicts marked by shaded regions in the early part of the sample, war coverage declines only
gradually.

An important question is whether this persistence in peoples’ concerns is a reflection of the true
underlying disaster probability dynamics, or is a reflection of peoples’ past experiences shaping their
concerns and views about risk (Malmendier and Nagel, 2011). From an asset pricing perspective

it does not really matter if disaster concerns move because past experiences are salient to them or
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because the true disaster probability is moving around. Prices reflect peoples shifting perception
of this risk. Table 5 shows that the attention paid to these disasters is variable and persistent, in
Section 4 we ask if these concerns are reflected in asset prices, and use the few disasters that we
have in sample to study if these concerns are rational or driven by salience of personal experiences

as in Malmendier and Nagel (2011).

4 Time-Varying Disaster Concerns

In this section we formally test the hypothesis that time-variation in disaster risk was an impor-
tant driver of variation in expected returns in this last century. We start with our main findings
and provide an intuitive interpretation of our empirical setting, followed by a rigorous theoretical
motivation for our regression specifications. We then discuss the identification of economic disas-
ters, explore and rule out alternative stories, and finally, examine the plausibility of the estimated

persistence and variation in disaster probability.

4.1 Main Results

The time-varying disaster risk explanation of asset pricing puzzles has two key empirical predictions
regarding asset prices: (i) periods of high rare disaster concerns are periods when put options on
the market portfolio prices are abnormally expensive, and (ii) these periods are followed either by
economic disasters or above average excess returns on the market portfolio. Since disaster concerns
are unobservable, we test these two predictions jointly. Specifically we test if periods of high option
prices are followed by disasters or periods of above average excess returns.

We formally motivate our empirical strategy in the next section, but it boils down to testing if
NVIX predicts future returns in paths without disasters, and if NVIX has information regarding
future disasters. To implement these two tests we first construct disaster dummies I7,, 4 which
turn on if there is a month classified as a disaster during the period ¢ to t + 7', ¢t not inclusive. We
then test if NV IX predicts future excess returns after we exclude disaster periods.

Table 6 shows that in the short-sample for which option prices are available the results are
weak. In the sample for which VIX is available, the implied volatility index predicts excess returns

in the one month to three months horizons. However, VIX was abnormally low just before the sole
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Table 6: Return Predictability: Short Sample Tests
¢ i =Bo+ BiXP +epr i IP, =0
Independent Variable NVIX VXO VIX
Sample Period 1986-2009 1990-2009 1986-2009 1990-2009

B1 R? B1 R? b1 R? B1 R?
t(B1) Ny t(B1) N¢ t(B) Ne  t(B1) N

Dependent Variable

. 012 041 0.11 044 0.12 081 0.13 0.65
[0.6] 284 [0.53] 236 [0.95] 285 [0.65] 237
T s 0.13 150 0.13 1.80 0.12% 236 0.16 3.29
[1.21] 282 [1.14] 234 [1.75] 283 [1.59] 235
e 0.12% 265 0.1 294 0.07 202 0.12% 4.14
[1.72] 279 [1.59] 231 [1.56] 280 [1.92] 232
e ito 0.07 1.84 0.08 284 005 171 008 2.94
[1.07] 273 [1.3] 225 [1.09] 274 [1.32] 226
T o 0.04 0.95 0.03 077 002 041 002 0.30

[0.64] 261 [0.56] 213 [0.39] 262 [0.29] 214
Reported are monthly return predictability regressions based on news implied volatility (NVIX), S&P 100
options implied volatility (VXO), and S&P 500 options implied volatility (VIX). The sample excludes any
period with an economic disaster (I2,,,, = 1). Month ¢ is classified as an economic disaster if the crash-
index of month ¢ is large than the crash index of 98.5% of the months in the period 1896 — 2009. The crash
index is described in Section 4.2, and is the product of market return in the month ¢ and economic growth

in a six month window succeeding month ¢ for months which the market return is negative. The dependent
variables are annualized log excess returns on the market index. The first and third columns report results
for the sample period for which VXO is available, while the second and fourth columns are for the sample
period for which VIX is available. t-statistics are Newey-West corrected with number of lags/leads equal to
the size of the return forecasting window.

economic disaster in 2008, what does not reject the time-varying disaster risk story but suggests
return predictability is the result of other economic forces. If we consider a slightly longer sample
for which the VXO implied volatility index on the S&P 100 is available, the evidence for return
predictability becomes somewhat weaker still.

This mixed evidence motivates our exercise. While we do not have new options data to bring
to bear, we use NVIX to extrapolate investors disasters concerns. Our test of the time-varying
disaster concern hypothesis is a joint test that NVIX measures investors disaster concerns and that
disaster concerns drive expected returns on our test asset, the S&P 500. Hence, a failure to reject
the null can either mean NVIX does not accurately measures disaster concerns or disaster concerns

do not drive expected returns. NVIX largely inherits the behavior of VIX and VXO in the sample
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Table 7: Return Predictability: Extended Sample Tests
e ir =Bo+ BINVIXE + epyr i IP,, 7 =0
Sample Period 1896-2009 1896-1995

B R? p1 R?
tB) N tB) N

Independent Variable

I 0.23%%  0.74  0.29%%* (.86
[2.31] 1328 [3.14] 1151
T s 0.18%%% 123 0.21%% 129
[2.67] 1310 [2.67] 1135
e ive 0.15%¥* 1.86 0.17** 1.75
[2.85] 1287 [2.31] 1115
T o 0.13%% 249  0.15%* 249
[2.52] 1250 [2.04] 1084
T ioa 0.08% 195 009 210

[1.71] 1178 [1.41] 1024
Reported are monthly return predictability regressions based on news implied volatility (NVIX). The sample

excludes any period with an economic disaster (I2., 4+ = 1). Month ¢ is classified as an economic disaster if
the crash-index of month ¢ is large than the crash index of 98.5% of the months in the period 1896 — 2009.
The crash index is described in Section 4.3, and is the product of market return in the month ¢ and economic
growth in a six month window succeeding month ¢ for months which the market return is negative. The
dependent variables are log excess returns on the market index. t-statistics are Newey-West corrected with
number of lags/leads equal to the size of the return forecasting window.

periods where both are available. Point estimates are very similar, especially for the VIX sample,
but the predictability coefficient on NVIX is estimated less precisely. To some extent this should
not be surprising as NVIX was constructed to fit these implied volatility indexes, though we only
use post 1995 data for the NVIX estimation.

The advantage of using NVIX, however, is the ability to consider much larger samples. Table
7 reports our main results for three alternative extended sample periods. In the first column we
see that return predictability for the entire sample going from 1896 to 2010 is very well estimated
with a point estimate similar to the VIX sample, and a t-stat over 2 from one month to twelve
months horizons. Coefficients are statistically significant up to 24 months head, contrasting with a
much shorter horizon for the VIX sample. The second column reports results for the sample period
where no option prices are available, and the third column for the sample period for which we did
not use any in sample option price data. Estimates are similar across different samples.

We interpret the extended sample results as strong evidence for the joint hypothesis that NVIX
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Table 8: Disaster Predictability: Extended Sample Tests
IP iir = Bo+ BINVIXE | + ¢
Sample Period 1896-2009 1896-1994 1938-2009
B1(x100) R?  B(x100) R?  B1(x100) R?

uantities
Q t(81) Ny t(51) Ny t(51) Ni

IP 0.14%%% 355  0.15%*%* 245 0.08 4.39
[3.49] 1367  [3.28] 1187 [1.3] 863

1P, 0.19%F* 4,02 0.20%**  3.32 0.09 2.81
[3.52] 1367  [2.86] 1187  [1.26] 863

IP 6 0.24%%F 4,92 0.29%*%*  4.95 0.08 1.60
[3.2] 1367  [2.58] 1187  [1.15] 863

IP s 0.28%* 460  0.35%* 523 0.07  0.63
[2.49] 1367  [2.06] 1187 [0.8] 863

IP o 0.24 2.30 0.38 408  -0.04 0.4
[1.5] 1367  [1.59] 1187  [0.34] 863

Np 13 12 2

Reported are monthly return predictability regressions based on news implied volatility (NVIX). The depen-
dent variable is the dummy variable 7., L that turns if there was an economic disaster between months ¢
(excluding) and ¢ + T on sample excludes any period with an economic disaster (I2,,,, = 1). Month ¢ is
classified as an economic disaster if the crash-index of month ¢ is large than the crash index of 98.5% of the
months in the period 1896 — 2009. The crash index is described in Section 4.3, and is the product of market
return in the month ¢ and economic growth in a six month window succeeding month ¢ for months which
the market return is negative. t-statistics are Newey-West corrected with number of lags/leads equal to the
size of the disaster forecasting window.

measures disaster concerns and time-variation in disaster concerns drive expected returns. The
coefficient estimates imply substantial predictability with a one standard deviation increase in
NVIX? leading to onyrx2 X f1 = 21.66 x 0.23 = 5% higher annualized excess returns in the
following month. At the annual frequency excess returns are 2.80% higher. Unsurprisingly, R-
squares are small and attempts to exploit this relationship carry large risks even in samples without
economic disasters. Forecasting coefficients are monotonically decreasing in the forecasting horizon,
consistent with the fact that disaster concerns are persistent but substantially less persistent than
alternative return predictors such as dividend yields and equivalents. For disaster concerns have
a mean reversion coefficient of .79 at the monthly frequency compared to .98 for the the dividend
yield.

A second prediction of the time-varying disaster concerns hypothesis is that disaster concerns

20



should be abnormally high before disasters. This prediction does not say economic disasters are
predictable, but rather that in a long enough sample, disasters should happen more often when
disaster concerns are high. This relationship is challenging to estimate as rare disasters are rare
by definition. As we argued before in the sample for which we have option prices available, option
market did not reveal an abnormally high concern with an economic disaster on the eve of the
2008-2009 Great Recession. Implied volatilities were running below realized volatility in the months
preceding the stock market crash. We test this disaster predictability hypothesis using a simple
linear probability model.

Table 8 report disaster predictability regression results for the extended sample that relies on
NVIX. We find that in the full sample NVIX is high just before disaster events. In the entire sample
under the baseline specification for identifying disasters we identify thirteen disasters, which results
in a .95% per month probability of a disaster event.” When NVIX is one standard deviation above
its mean this probability increases from .95% to 4%. These are large numbers in terms of economic
significance. It is important to note that these results rely heavily on the pre-war sample as the
majority of the disasters that our criteria identify are in the earlier part of the century. In the third
column of 8 we see that when we focus on the post great depression sample the coefficients remain
positive, indicating that NVIX is typically high before crashes but we cannot reject the null, what

is not surprising since we only identify two disasters during this sample.

4.2 Implied Volatility, Disaster Probabilities, and Expected Returns

We turn to a more formal motivation of for the empirical tests discussed above. The interpretation of
our findings rests on the intuitive idea that variation in implied volatility of options of an aggregate
stock market index is a good proxy for variation in the probability of an economic disaster. In order
to make this intuitive idea formally we assume that the states of the economy can be partitioned
to disaster and non-disaster states, and that the only source of time-variation in the economy are

the probability of a disaster. In this case the price of any asset can be written as:

Py = Ey[my g1 (Xer1 + Pi1)] = pP EP [my 1 (X1 + Pa)] + (1= 9P ) ENP g g1 (Xes1 + Pisr))]

9We discuss how we classify a period as an economic disaster in Section 4.3 and show how the results change if
we change our disaster classification .
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P, = Eymu1Xi41) = piEP Imga Xoa] + (1 — p) ENP [y g1 X1

where p; = Prob(IP,, 41 = 1) is the probability at time ¢ of a disaster happening in period ¢ + 1,
EP[] = E[|I2,,;1 = 1] denotes expectations conditional on a disaster, ENP[] is defined analo-
gously , and my 41 is the stochastic discount factor that prices time ¢ + 1 cash-flows at time t. We
apply this pricing framework to interpret the economic content of VIX. The CBOE constructs VIX

for maturity 7 as a weighted average of put and call prices as follows:

1
VIX;, = 1004/ = Vi,
-

TFT FO 1 * 1
Vi =2¢" /0 (kQ> Putyrydk+ | (kQ) Cally - kdk| , (4)

where

and where Put; ;. is the market price at time ¢ of a put option with maturity 7 and strike price
k on the underlying index.'® For the VIX specifically this index is the S&P500 and the maturity
is 30 days (7 = 30/365). Applying our pricing framework to put options (and analogously for call

options) we have,
PUtt,T,k = ptED {mt,t—l—r [k? - St+r]+] + (1 - pt) END {mt,t—l—r [k - St+r]+] .

Plugging this pricing equation into (4) we get Vi » = py (V.2 —VNP) + VNP where VP (VD)

is V4 conditional on a disaster state (non disaster). In variance space this can be written as.
VIX}, = pi- (VIXD? - VIXND?) + (VIXND?) (5)

Note that time subscripts are absent by assumption, as all time variation in this economy is

driven by disaster probabilities, so conditional moments are constant. Plugging in the formula for

IOFormally the CBOE formula is V; = 2€"f7 [ :0:0 (%) Puty 1 + Z;iko (%) Calltmk} — (%’ — )2, where Fjy

is the forward value of the underlying index. To get to our formula we need to assume all strike prices are tradable.

22



VIX and rearranging we get a neat link between VIX and disaster probabilities:

VIX?, —VIXND? 6
- VIXD2-VIXNDZ (©)

Pt,r

This equation should be intuitive, VIX D2 — VIX N D? measures the difference in risk-neutral
variance between disaster and non disaster states. If the gap between current VIX and normal
times VIX is large, it indicates the disaster probability is high. For example, in an economy where
return volatility is constant VIX N D? is equal to return volatility. VI X D2 on the other hand is a
function of the risk-neutral disaster size, being larger if the expected disaster is large or if people
are more risk-averse with respect to disasters. Using this same pricing framework we show in the

Appendix that expected excess returns are approximately linear in disaster probabilities

EP[my 4, RY ]
ENDlmy iy r]

Ey[R;, ]~ ENP[Rf, ] - ( —- B [R§+T]> Pi.r (7)

where the first term inside the brackets is the ex-ante pricing implications of economic disasters
and in the second term we have their ex-post cash-flow consequences. Note for example, in the
case of risk-neutrality both terms cancel out and there are no expected return consequences of
disaster probability variation. It is important to note these two effects work against each other,
with higher probabilities leading to higher expected returns, but also leading to higher expected
losses. Particularly challenging from an estimation stand point is the estimation of expected losses
that can only be estimated when a rare disaster actually happens. This means any attempt to
estimate relationship (7) directly will be highly sensitive to the realized disasters in the sample. A
more informative approach is to decompose the test of equation (7) in two, first we test if disaster

probabilities predict expected returns in paths without disasters, i.e.

e e ED [mt,t-i‘TRe T]
EngD[RH»T] ~ END[Rt+T] - < END[mt t+t:j Dt,rs (8)

which can be more reliably estimated because it only depends on the path of disaster concerns and
not actual disaster realizations. Second, we test the ex-post cash-flow effect by testing if disaster

probabilities actually predict disasters:
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Ey [ItD—>t+r] = DPt,r- (9)

Equations (8) and (9) form the basis of our empirical analysis. It is important to emphasize
that the neat one-to-one link between disaster probabilities and VIX are a direct consequence of
the assumption that there are no other sources of time-variation in the economy, and in particular
that ENP [mi, -] and EP [my,14+-| are constant, but not the same. A natural question is whether
our setup can distinguish between movements in the natural and risk-neutral probability of disas-
ters. While in this general case it is challenging to infer anything from the return predictability
regressions, the disaster predictability regressions do not depend on anything but variation in the
natural probability of a disaster, and allows us to distinguish between the two. We use this insight

in Section 4.7.

4.3 Economic Disasters

This more powerful approach requires us to take a stand on what a disaster is which requires the
econometrician’s judgment. The time-varying disaster risk hypothesis is really about macroeco-
nomic disasters, measured by sharp drops in consumption. The main challenge to use economic
activity data to test the time-varying disaster risk hypothesis is to get the timing of the disaster
arrival right. When exactly did investors become aware the Great Depression was happening? One
natural answer is “Black Monday”. But was the Great Depression really one terrible rare event
people learned about on October 297 or was it a sequence of three or four bad events? Information
embedded in market prices are a natural channel to detect the timing at which investors realized
what was happening, and the extent to which the future drop in economic activity was already
anticipated. The cost of focusing on the stock-market to identify disasters is that we distance
ourselves from the economic disasters that the disaster risk literature has in mind, and shift the
focus towards statistical measurement of jumps in asset prices.

Our approach to identify disasters use both pieces of information, requiring that big stock
market drops be followed by large drops in economic activity. This approach has the advantage of
keeping the focus on macro-economic disasters, while using stock markets to identify the timing of

economic disasters. We construct a “disaster-index” Z; = min{r{",0} X Ay;_1 +y5 ,where r{" is the
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Figure 4: Economic Disasters Identification
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We call month ¢ a disaster month if j* < 0 and rj* X Ay;_1 +y5 > &, where 7} is the log market return during
the month and Ay;_1 ;45 is log industrial production growth from month ¢ — 1 to month ¢ + 5, a six month
window including the industrial production growth during month ¢. The lines depict three different crash
identification thresholds, {0.5%,1.5%,2.5%}. The one in the middle (1.5%) is our baseline specification.

log market return during the month and Ay;_; ¢45 is log industrial production growth from month
t —1 to month ¢+ 5, a six month window including the industrial production growth during month
t. We classify a month s as an economic disaster if month s disaster index is in the top k percentile
among all months in our full sample (1896 — 2009). Our baseline case is k = 1.5, but we consider
also £’s from 0.5 to 3. We also classify months months s — 1 and s + 1 to make sure w