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Abstract

We use the daily internet search volume from millions of households to reveal market-level

sentiment in real time. By aggregating the volume of queries related to household concerns

(e.g. “recession”, “credit card debt” and “bankruptcy”), we construct Financial and Economic

Attitudes Revealed by Search (FEARS) indices as new measures of investor sentiment. Between

2004 and 2008, we find increases in FEARS lead to return reversals: although FEARS are

associated with low returns today they predict high returns tomorrow. In the cross-section of

stocks, the reversal effect is strongest among stocks which are attractive to noise traders and

hard to arbitrage. FEARS also predict excess volatility and daily mutual fund flow. When

FEARS are high, investors are more likely to pull money out of equity mutual funds but not

out of bond funds. Taken together, the results are broadly consistent with theories of investor

sentiment.
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“Most of the time common stocks are subject to irrational and excessive price fluc-

tuations in both directions as the consequence of the ingrained tendency of most people

to speculate or gamble... to give way to hope, fear and greed.”

– Benjamin Graham, The Intelligent Investors.

1 Introduction

John Maynard Keynes (1936) argued that markets can fluctuate wildly under the influence of

investors’ “animal spirits” which move prices in a way unrelated to fundamentals. Fifty years

later, De Long, Shleifer, Summers and Waldmann (1990, hereafter, DSSW) formalized the role

of investor sentiment in financial markets. DSSW demonstrate that if uninformed noise traders

base their trading decisions on sentiment and risk-averse arbitrageurs encounter limits-to-arbitrage,

sentiment changes will lead to more noise trading, greater mispricing and excess volatility. While

the survival of noise traders in the long-run remains open for debate (e.g., Kogan, Ross, Wang

and Westerfield, 2006, 2009), there is a growing consensus that noise traders can induce large

price movements and excess volatility in the short-run.1 As Baker and Wurgler (2007) put it

in their survey article: “Now, the question is no longer, as it was a few decades ago, whether

investor sentiment affects stock prices, but rather how to measure investor sentiment and quantify

its effects” (italics added).

In this paper we propose a possible answer: investor sentiment can be directly measured through

the search behavior of households. We aggregate the volume of internet search queries such as

“recession”, “bankruptcy” and “inflation” from millions of US households to construct Financial

and Economic Attitudes Revealed by Search (FEARS) indices. We then quantify the effects of

FEARS on asset prices, volatility and fund flows. Consistent with sentiment theories, we find

FEARS predict return reversals: although increases in FEARS correspond with low returns today,

they predict high returns (reversal) tomorrow. Moreover, increases in FEARS predict increases in

asset-class volatility and mutual fund flow out of equity funds.

The appeal of our search-based sentiment measure is more transparent when compared with

1A particularly interesting thread of literature examines exogenous and plausible sentiment changing non-

economical events such as sports game’s outcomes (i.e., “sport sentiment”) (Edmans, Garcia, and Norli, 2007),

aviation disasters (Kaplanski and Levy, 2010), weather conditions (Hirshleifer and Shumway, 2003), seasonal affective

disorder (SAD) (Kamstra, Kramer and Levi, 2003), and associates these sentiment-changing events with asset prices.
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alternatives. Traditionally, empiricists have taken two approaches to measuring investor sentiment.

Under the first approach, empiricists proxy for investor sentiment with market-based measures such

as trading volume, closed-end fund discount, IPO first-day returns, IPO volume, option implied

volatilities (VIX), mutual fund flows, among others (see, Baker and Wurgler (2007) for a recent

and comprehensive survey of the literature). Although market-based measures have the advantage

of being readily available at a relatively higher frequency, they have the disadvantage of being

the equilibrium outcome of many economic forces other than investor sentiment. Qiu and Welch

(2006) put it succinctly: “How does one test a theory that is about inputs → outputs with an

output measure?”

Under the second approach, empiricists use survey-based indices such as the University of Michi-

gan Consumer Sentiment Index, the UBS/GALLUP Index for Investor Optimism, or investment

newsletters (Brown and Cliff (2004), Lemmon and Portniaguina (2006), and Qiu and Welch (2006)).

Compared to survey-based measures of investor sentiment, the search-based sentiment measure we

propose has several advantages. First, search-based sentiment measures are available in real time.

Economic fundamentals change over time, which clouds precise interpretation of empirical findings

relating investor sentiments to asset prices. With a high-frequency sentiment measure, one can

carry out sharper empirical tests that isolate the longer-term impact of economic fundamentals.2

Second, search-based measures reveal attitudes rather than inquire about them. Although many

people answer survey questions for altruistic reasons, there is often little incentive to answer survey

questions carefully or truthfully, especially when questions are sensitive (Singer (2002)). Search

volume has the potential to reveal more personal information where non-response rates in surveys

are particularly high or the incentive for truth-telling is low. For example, eliciting the likelihood of

job loss via survey may be a sensitive topic for a respondent. On the other hand, aggregate search

volume for terms like “find a job”, “job search” or “unemployment insurance” reveals concern about

job loss. Moreover, some economists have been skeptical about answers in survey data which are

not “cross-verif(ied) with data on actual (not self-reported) behavior observed by objective exter-

nal measurement” (Lamont in Vissing-Jorgensen (2003)). Search behavior is an example of such

objective, external verification.

2To date, high-frequency analysis of investor sentiment is only found in laboratory settings. For example,

Bloomfield, O’Hara and Saar (2009) use laboratory experiments to investigate the impact of uninformed traders on

underlying asset prices.
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Google, the largest search engine in the world, makes public the Search Volume Index (SVI) of

search terms via its product Google Trends (http://www.google.com/trends).3 Figure 1 plots SVI

for “credit card debt” and “recession” respectively. The plots conform with intuition. For example,

the SVI for “credit card debt” has been rising steadily since the middle of 2008 as consumers have

become increasingly concerned about their credit card debt loads. The SVI for “recession” began

rising in the middle of 2007 and then increased dramatically beginning in 2008. All of this was

well before the NBER announced in December 2008 that the U.S. had been in a recession since

December of 2007.

At the monthly frequency, SVI correlates well with alternative measures of market sentiment.

For example, the top panel of Figure 2 plots the monthly log SVI for “recession” (with a minus sign

since higher SVI on “recession” signals pessimism ) against the monthly University of Michigan

Consumer Sentiment Index (MCSI) which asks households about their economic outlook. During

our sampling period from 2004 to 2008, the two times series are highly correlated with a correlation

coefficient greater than 0.8.4 Again, SVI on “recession” seems to lead the MCSI during the financial

crisis of 2008. In contrast to the survey-based market sentiment measure, SVI also captures

sentiment swings at a higher frequency. For example, Khandani and Lo (2007) analyze the quant

crisis during the tumultuous week of August 6, 2007. They argue the crisis is partially related to

“a climate of fear and panic, heightening the risk sensitivities of managers and investors across all

markets and style categories.” The bottom Panel of Figure 2 plots the daily SVI for “recession”

against the CBOE market volatility index (VIX) during the week from August 6 to August 14.

Remarkably, the SVI is highly correlated with the VIX (also known as the “investor fear gauge”

by practitioners). These examples illustrate the potential of search-based measures in capturing

broad-based investor sentiment in real time.

The key to the construction of our FEARS indices is the identification of relevant sentiment-

revealing search terms. To identify search terms in a way that is as objective as possible, we

proceed in the following way. First, we follow the text analytics literature in finance which focuses

3By February 2009, Google accounted for 72.11% of all search queries performed in the US, according to Hitwise,

which specializes in tracking Internet traffic.
4The University of Michigan Consumer Sentiment Index (MCSI) is based on survey that solicits consumers’ view

on the general economy over the near term and the long term and their own financial situation. Consistent with this

methodology, we find that monthly SVIs on terms related to general economy condition such as “credit card debt,”

“job,” and “unemployment” are also highly correlated with MCSI.
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on negative words. Tetlock (2007) and Tetlock et al. (2008) demonstrate that negative words seem

to be most informative about sentiment. We construct a list of “primitive” words by taking words

which are jointly classified as “negative” and “economic” words according to the Harvard IV-4

dictionary. Second, we search each “primitive” word and download the associated top ten related

search terms (provided by Google) in Google Insights (http://www.google.com/insights/search/)

in order to see how these negative, economic words are used by searchers. Finally, we eliminate

non-economic search terms and search terms with too few valid SVIs. This procedure results in

our final list of 27 search terms.

To convert the SVI of the 27 terms into reasonable indices, we calculate daily log differences,

remove intra-week and intra-year seasonality and standardize each time series (as in Baker and

Wurgler (2006)). We then sort the 27 terms into two groups and calculate the daily, average

SVI change in each group to form our indices. The first group of search terms relates to micro,

household-level concerns such as “credit card debt” and “unemployment insurance” which we refer

to as the Micro FEARS Index. The second group of search terms relates to macro, economy-wide

concerns such as “recession” or “inflation” which we refer to as the Macro FEARS Index.

We then relate our FEARS indices to asset prices. In Section 3, we find a negative contem-

poraneous correlation between FEARS and market returns. Increases (decreases) in Micro and

Macro FEARS correspond with low (high) returns. However, in the days following, this relation-

ship reverses. Increases in FEARS today predicts increases in market returns in the following

days, which is consistent with sentiment-induced temporary mispricing. Moreover, this reversal is

strongest among stocks with high beta and high volatility consistent with the predictions in Baker

and Wurgler (2006, 2007).

In Section 4 we consider the DSSW prediction that sentiment swings will generate excess volatil-

ity by relating daily realized volatility to the FEARS indices. Because intraday transaction data

is needed for this calculation, we focus our attention on exchange-trade funds (ETFs) such as

the extremely liquid SPDR S&P500 (AMEX: SPY) and the PowerShares QQQ Trust (NASDAQ:

QQQQ). Volatility is well-known to be persistent and long-lived (Engel and Patton (2001) and

Andersen et al. (2001)) so we model this long-range dependence through the fractional integrated

autoregressive moving average model, (  ), which allows us to extract innovations

in volatility. When we examine the predictive power of our FEARS indices on future volatility
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innovations, we find it to be positive and significant across many ETFs. An increase in FEARS

today predicts a positive realized volatility innovation tomorrow, even after controlling for other

existing predictors of future volatility such as current return and turnover.

As a more direct test of the “noise trading” hypothesis, we also examine daily mutual fund

flows in Section 5. Since individual investors hold about 90% of total mutual fund assets and they

are more likely to be “noise” traders, daily flows to mutual fund groups likely aggregate “noise”

trading at the asset class level.5 We examine two groups of mutual funds that specialize in equity

and intermediate Treasury bonds, which resemble the ETFs we have examined. We document

strong persistence in fund flows and again use the  model to extract daily innovations to

these fund flows. We find that our FEARS index has significant incremental predictive power on

future daily fund flow innovations only among equity funds. Specifically, an increase in the FEARS

index predicts outflows from equity mutual funds but no change in flows for safer funds like bonds.

These results are consistent with the well-documented flight-to-quality phenomenon in distressed

times.

2 Data and Methodology

Although the data for this study come from a variety of sources, we begin by discussing the

construction of our FEARS indices which are the main variables in our analysis.

2.1 Construction of FEARS Indices

Our objective is to build a list of search terms that reveal sentiment towards economic conditions.

Following the insight in Tetlock (2007) and Tetlock et al. (2008) that the use of negative words

best capture sentiment, we begin with the Harvard IV-4 list of “negative” words. Because we are

interested in sentiment towards the economy, we only consider only the subset of negative words

that are also classified as “economic” words (e.g. “recession”, “bankruptcy”, “corrupt”, etc.) This

results in 40 unique words.6

5Source: 2007 Investment Company Fact Book by Investment Company Institute.
6The list of words includes bankrupt, bankruptcy, beggar, blackmail, bribe, bum, commoner, corrupt, cost,

costliness, costly, debtor, default, depression, destitute, extravagant, fine, fire, gamble, hole, hustle, hustler, inflation,

jobless, laid, lay, liquidate, miser, owe, poor, recession, squander, tariff, underworld, uneconomical, unemployed,

unprofitable, vagabond, vagrant and waste.
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We call this list the “primitive” word list. Our next task is to understand how these words might

be searched in Google by households. To do this, we input each primitive word (including permu-

tations like “debt” as well as “debtor”) into Google Insights (http://www.google.com/insights/)

which, among other things, returns ten “top searches” related to each primitive word.7 For exam-

ple, a search for “depression” results in related searches “the depression”, “great depression”, “the

great depression”, “depression symptoms”, “anxiety depression”, etc. From these related searches

we filter out searches unrelated to U.S. or household economics. For example, “laid” generates

a related search called “laid off” as well as a related search called “laid back.” We keep only the

former. We also only keep primitive words which had related search terms that are economic

terms in order to filter out noisy primitive words (which may have an economic meaning but whose

common usage does not relate to economics). For example, “vagabond” generates only related

terms like “vagabond inn” and “vagabond Miami” which are not economic terms. This suggests

that “vagabond” itself is not a common-use economic term. After this process we are left with 56

terms.8

Finally, we eliminate terms that are searched infrequently. In particular, we eliminate search

terms that have at least two years of missing data according to Google Trends when the search

data are restricted to the U.S. Our final list is composed of 27 search terms that can be broadly

sorted into household-level concerns (i.e., Mirco FEARS ) and concerns about business conditions

(i.e., Macro FEARS). Table 1 lists these 27 search terms.

The SVIs of these 27 terms cover the sampling period from 2004/01 - 2008/12. Google Insights

provide SVIs on a daily basis when you download them for a time window less than or equal to a

quarter. We thus download the daily SVI time series from Google Insights one quarter at a time.

The daily SVIs are therefore normalized within each quarter. In another words, SVIs in the same

7According to Google, “Top searches refers to search terms with the most significant level of interest. These

terms are related to the term you’ve entered. . . our system determines relativity by examining searches that have

been conducted by a large group of users preceding the search term you’ve entered, as well as after."
8The list of words includes bankruptcy, going bankrupt, bankruptcy court, chapter 7 bankruptcy, chapter 7,

filing bankruptcy, file bankruptcy, bankruptcy information, chapter 13 bankruptcy, chapter 13, after bankruptcy,

bankruptcy attorney, bankruptcy lawyer, cost of living, credit debt, debt consolidation, credit card debt, national

debt, debt relief, debt collection, debt settlement, the depression, great depression, economic depression, the great

depression, inflation, inflation rate, inflation calculator, us inflation, inflation rates, rate of inflation, inflation index,

jobless claims, jobless rate, job search, job openings, new job, job opportunities, job application, job bank, unemploy-

ment benefits, unemployment rate, unemployment office, unemployment insurance, laid off, lay off, owe money, loans

poor credit, recession, the recession, us recession, recession over, recession depression, economic recession, recession

end and is recession over.

6



quarter are scaled by its time-series average within that quarter. While this normalization does

not affect us in computing daily SVI change within a quarter, it does create a problem when we

compute SVI change over consecutive quarters. For this reason, we are not able to compute the

daily SVI on the first trading day of a quarter. For other days, we can define the daily change in

search term  as:

∆ = ln ( )− ln( −1) (1)

Some of the search terms have intra-week and intra-year seasonality. To eliminate seasonality

from ∆ we regress ∆ on weekday dummies and month dummies and keep the

residual. To make each times series comparable, we standardize each of the 27 time series by

scaling each by the time-series standard deviation as in Baker and Wurgler (2006). This leaves us

with a seasonally-adjusted, standardized daily change in search volume, ∆_.

To compute our Micro and Macro FEARS indices, we simply average across the set of micro-related

search terms, , and the set of macro-related search terms, , identified in Table 1,

∆_ =
1

Θ ()

X
∈

∆_ (2)

∆_ =
1

Θ ()

X
∈

∆_ (3)

where Θ() is a count function counting how many valid terms are in the set of micro- or macro-

related search terms on day .

A Principal Component Analysis (PCA) of all 27 search terms suggests that our organization

of terms into Macro and Micro FEARS is reasonable. The Principal Component Analysis (PCA)

is conducted for the period from April 2004 to September 2008 as some search terms have missing

SVIs during the first quarter of 2004 and the last quarter of 2008. Figure 3 plots the percentage

of total variance explained by each of the 27 factors (or eigenvectors). The figure clearly points

towards a strong common component. The first factor (or the eigenvector corresponding to the

largest eigenvalue) explains almost 67% of the total variation across the 27 search terms. Beyond

the first six factors, the remaining factors add negligible additional explanatory power.

The first six factors are not unique to rotations. To better understand the meaning of these
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factors, we rotate these factors using a varimax rotation method. An appealing feature of the

varimax rotation method is that each rotated factor will be highly correlated with some search

terms but almost uncorrelated with all the other search terms. The resulting rotated factors can

then be interpreted based on the search terms that it loads heavily on. Table 2 reports the top

three search terms that each of the first six rotated factors loads on. It also reports the percentage

of total variance explained by each of the rotated factors. Due to factor rotation, the total variance

explained is different from those reported in Figure 3.

The first factor, which explains more than 20.2% of the total variance, loads significantly on

many search terms, but most heavily on “The Depression”, “The Great Depression” and “Great

Depression.” Therefore, it is clearly a depression-related factor. The second factor, which explains

almost 12.4% of the total variance, loads primarily on “Job Search”, “Job Openings” and “Job

Opportunity” and is therefore a job-related factor. Similarly, we can label the third, fourth, fifth

and sixth factors as the bankruptcy, unemployment, debt and inflation/recession related factors,

respectively. Of these factors, factors 1 and 6 essentially compose Macro FEARS because they

concern depression, inflation and recession while factors 2 to 5 essentially compose Micro FEARS

because they concern job loss, bankruptcy and personal debt issues.

2.2 Other Data

Our daily news data come from the Dow Jones Archive (DJA) as in Tetlock (2009). An alternative

way of capturing negative sentiment, as discussed in Tetlock (2007), is to examine negative words in

news articles. Following Tetlock et al. (2008), for each article in the Dow Jones Archive Database

on day , we compute the fraction of negative words. Then, we calculate the weighted average

across all articles on day  where the weights are based on the number of words in each article,

excluding so-called “stop words”. This gives us a broad, daily sentiment measure based on the

linguistic content of media articles across all stocks on day , _ . To identify the

negative words, Tetlock et al. (2008) use the Harvard IV-4 dictionary. Loughran and McDonald

(2009) argue that some negative words in the Harvard dictionary do not have a truly negative

meaning in the context of financial markets. For example, words like tax, cost, board, foreign, vice

and liability, simply describe company operations. Instead, they develop an alternative negative

word list that better reflects the tone of financial text. To measure the uncertainties implied by the
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media articles, we also use the Harvard IV-4 dictionary or the alternative dictionary developed by

Loughran and McDonald (2009) to identify words of uncertainty and calculate _

in the same manner in which we calculate _ . We obtain qualitatively similar

results when using either the Harvard IV-4 word list or the word list of Loughran and McDonald

(2009), and our results reported through out the paper are based on the Harvard IV-4 word list.

The Chicago Board Options Exchange (CBOE) daily Market Volatility Index (VIX), which

measures the implied volatility of options on the S&P 100 stock index, is well-known as an “investor

fear gauge” by practitioners. For example, Whaley (2000) discusses the spikes in the VIX series

since its 1986 inception, which captures the crash of October 1987 and the 1998 Long Term Capital

Management crisis. Baker andWurgler (2007) regard it as an alternative market sentiment measure.

As an additional control, we include the VIX index as a control variable in our specifications.

Our daily mutual fund flow data are obtained from TrimTabs, Inc. A description of TrimTabs

data can be found in Edelen and Warner (2001) and Greene and Hodges (2002). TrimTabs collects

daily flow information for about 1000 distinct mutual funds during our sampling period from 2004

to 2008, which represent approximately 20% of the universe of US-based mutual funds according

to Greene and Hodges (2002). TrimTabs aggregates the daily flows for groups of mutual funds

categorized using fund objectives from Morningstar. For our study, we focus on the daily flow

of two groups of mutual funds. The first group (Equity) specializes in equity. The second group

(MTB) specializes in “Intermediate Treasury Bonds”, which best resembles our Treasury-bond ETF

(TLT). For each group, we compute the daily flow as the ratio between dollar flow (inflow minus

outflow) and fund Total Net Assets(TNA).

Other variables are constructed from standard data sources. The price and volume related

variables are obtained from CRSP. The transaction-level data on the ETFs are obtained from the

New York Stock Exchange Trades and Quotes (TAQ) database. Our data cover the five-year

period from January, 2004 to December, 2008.

3 FEARS and Asset Returns

One salient feature of sentiment theories is the heterogeneity of investors. In sentiment models,

there are typically investors who suffer from some bias such as extrapolative expectations about
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future cash flows. These sentiment investors exhibit pessimistic sentiment when their beliefs about

future cash flows are exceedingly low and they exhibit optimistic sentiment when their beliefs are

about future cash flow realizations are exceedingly high.

However, the presence of sentiment investors does not necessarily mean there will be conse-

quences for asset prices. In order for sentiment investors to have impact on asset prices, a market

friction must exist. In classical models such as DeLong et al. (1990) the key additional ingredient is

the downward sloping demand curve for risky assets faced by both sentiment investors and rational

investors. In states of the world when sentiment investors are overly pessimistic, they sell risky

assets to rational investors. Since demand curves are downward sloping, their sales can temporarily

depress stock prices and generate negative returns. Because their biased beliefs are stationary, on

average such beliefs are corrected the following period. Therefore, asset prices exhibit a short-term

reversal.

Table 3 provides evidence of such return reversals. It reports the results from the following

specification:

+ = 0+1∆_+2∆_+
X




++ (4)

In regression (4),+ denotes asset class  ’s return on day +  , where  ranges from 0

to 5 in consecutive columns of Table 3. Control variables () include lagged asset-class

returns (up to five lags),  , _ and _. The main variables of

interests are the Macro and Micro FEARS indices, ∆_ and ∆_

respectively.

When  = 0, the negative coefficient on ∆_ and ∆_ suggests a

negative contemporaneous relationship between Micro and Macro FEARS and broad equity indices

such as the the CRSP Value-Weighted Index (Panel A), NASDAQ 100 Index (Panel B), S&P 500

Index (Panel C) and the Russell 2000 Index (Panel D).9 Days in which there were sharp declines in

the equity indices there were also sharp increases in search for terms like “recession”, “bankruptcy”,

“inflation” and so on. The correlation of FEARS and asset returns is statistically significant at the

five-percent level or higher, and economically large. For example, Panel A of Table 3 shows that one

9Except for CRSP value-weighted index daily returns, which are obtained from CRSP database, all other index

returns are obtained from the closing prices of index-related ETFs.
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standard deviation increase in Macro (Micro) FEARS corresponds with a contemporaneous decline

of 12 basis points (12 basis points) for the daily CRSP value-weighted indices, after controlling for

the lagged returns, contemporaneous VIX, and news media sentiment.10 Similarly, a one standard

deviation increase in Macro (Micro) FEARS corresponds with a contemporaneous decline of 15

basis points (11 basis points) for the S&P 500 index daily return.

Much of this effect, however, is temporary. In the following days the positive and significant coef-

ficient on ∆_ and ∆_ suggests increases in FEARS predict higher

returns. For equity asset classes, this reversal largely occurs when  = 1 for ∆_ ,

and  = 2 for ∆_ . For example, although a standard deviation increase in Macro

(Micro) FEARS corresponds with a contemporaneous decrease of 15 bps (11 bps) in the S&P 500

when  = 0 , a standard deviation increase in Macro FEARS predicts an increase of 10 basis points

in the S&P 500 at  = 2 , and a standard deviation increase in Micro FEARS predicts an increase

of 9 basis points in the S&P 500 at  = 1 .

In contrast to the negative contemporaneous relationship between Micro and Macro FEARS

and broad equity indices, as shown in Panel E, Table 3, the contemporaneous relationship between

Macro FEARS and the Lehman Long-term (20-plus year) Treasury Bond Index is positive and

statistically significant at one-percent level. A one standard deviation increase in Macro FEARS

is accompanied by a 7 basis points increase in the bond index return. There is no statistically

significant and economically important contemporaneous relationship between Micro FEARS and

bond returns. There is some evidence of return reversal effect associated with Macro FEARS, but

it is not statistically significant.

As highlighted in Baker and Wurgler (2006, 2007), there are several additional channels which

can exacerbate the effect of sentiment investors on asset prices. Perhaps the most important

channel is limits to arbitrage (Shleifer and Vishny, 1997; Stein, 2008). That is, arbitrage capital

moves slowly to take advantage of the irrational beliefs of sentiment investors. Motivated by limits

to arbitrage, we consider two additional sets of testing assets and explore the sentiment effect on

asset prices.

The first set of testing assets are beta-sorted portfolios obtained from CRSP. CRSP computes a

10A one standard deviation change in the Macro (Micro) FEARS index corresponds to .55 (.43). Recall that

while each individual search term has been standardized so that it’s standard deviation is one by construction, the

average across search terms will not have a standard deviation of one given correlation among search terms.
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Scholes-Williams beta for common stocks traded on NYSE and AMEX using daily returns within a

year, then forms decile portfolios based on the Scholes-Williams beta. According to Baker, Bradley,

and Wurgler (2010) high beta portfolios are prone to speculative trading of sentiment investors.

Moreover, high beta stocks may be unattractive to arbitragers who face institutional constrains

such as benchmarking. Because of these two forces work in the same direction for high beta stocks,

it is natural to conjecture that the investor sentiment may have a larger impact among high beta

stocks than among low beta stocks. The results are reported in Table 4. As shown in Panel A,

sentiment has a strong negative contemporaneous relationship with the high-beta stock portfolio’s

daily return. A one standard deviation increase in Macro FEARS and Micro FEARS is associated

with 17 basis points and 21 basis points decrease of high-beta stock portfolio returns (both regression

coefficients are statistically significant at five-percent level or higher). Again, both Macro FEARS

and Micro FEARS predict future return reversal effects. At  = 2 , the reversal associated with

Macro FEARS is about 18 basis points; while at  = 1 , the return reversal associated with Micro

FEARS is about 14 basis points. For the low-beta stock portfolios, as shown in Panel B, though

Macro FEARS is negatively correlated with daily portfolio returns, its magnitude is smaller. A one

standard deviation increase in Macro FEARS is accompanied by a decrease in contemporaneous

return of 6 basis points. Though there is evidence of a return reversal effect, it is imprecisely

estimated. We also consider the daily spreads between high-beta and low-beta sorted portfolios.

Regressing the spreads against Macro and Micro FEARS reveals the differential impact of investor

sentiment on the daily returns of the high-beta and low-beta sorted portfolios. Panel C confirms

that sentiment has stronger impact on the high-beta stocks than low-beta stocks on day (), while

the impact almost completely reverses back by the end of the second day ( = 2) after event day

(), or  = 0 .

Motivated by Wurgler and Zhuravskaya (2002), we also use total return volatility as a proxy for

limits to arbitrage and examine the aforementioned reversal pattern for a portfolio of stocks with

high volatility versus a portfolio of stocks with low volatility. The volatility-sorted portfolios are

obtained from CRSP. Using daily stock returns within a calendar year, CRSP computes the total

return volatility of common stocks traded on NYSE and AMEX, and creates decile portfolios based

on total return volatility.

Similar to the evidence from the high-beta and low-beta sorted portfolios, Tables 5 shows the

12



contemporaneous relationship between sentiment and return, as well as the reversal pattern is much

stronger among stocks with high volatility. However, perhaps because the returns of high volatility

portfolios are noisy, the reversal patterns are harder to estimate. Overall, this evidence provides

additional support for the sentiment model of Baker and Wurgler (2006, 2007), which highlights

the interaction of speculative trading and limits to arbitrage. It is also provides cross-sectional

evidence for sentiment-induced mispricing. For the set of stocks for which sentiment is most likely

to operate we find the strongest evidence of temporary deviation from fundamentals.

4 FEARS and Volatility

A long strand of literature starting from Black (1986) suggests that investor sentiment and the

resulting noise trading can create future volatility. In DSSW, risk averse arbitrageurs know that

prices can diverge further away from fundamentals before they converge. As a result, they may take

smaller positions when betting against mispricing. If uninformed noise traders base their trading

decisions on sentiment, then extreme sentiment changes will lead to more noise trading, greater

mispricing and predict excessive future volatility. To our knowledge, no prior work has used a

high-frequency sentiment measure to predict market-level volatility.11 In this section we examine

the relationship between FEARS and daily volatility.

4.1 Constructing Realized Volatility

Recently, there have been many innovations in modeling volatility at a high frequency. With the

availability of intraday transaction prices, we are able to observe volatility at a daily frequency

using so-called realized volatility (RV) measures developed by Andersen, Bollerslev, Diebold, and

Ebens (2001) and Andersen, Bollerslev, Diebold, and Labys (2003) among others. Following closely

Andersen, Bollersleve, Diebold, and Ebens (2001), we implement the realized volatility estimation

procedure. Since intraday transaction data is needed to calculate daily realized volatilities, we focus

our attention on exchange-trade funds (ETFs). We examine three equity ETFs: the SPDR S&P500

(AMEX: SPY), the PowerShares QQQ Trust (NASDAQ: QQQQ), and the iShares Russell 2000

11Using Yahoo message board activities as a proxy for noise trading, Antweiler and Frank (2004) and Koski, Rice,

and Tarhouni (2008) confirm the positive relation between noise trading and future volatility at the daily frequency

for a small set of individual stocks.
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Index (NYSE: IWM). We also examine a Treasury ETF: iShares Barclays 20+ Year Treasury Bond

(NYSE: TLT). The Treasury ETF is a useful instrument. Because its nominal cashflow is fixed,

any predictability for volatility must come from the discount rate channel via real interest rates or

sentiment. All five ETFs are extremely liquid. For instance, the average percentage bid-ask spread

is only 0.045%, smaller than that of the largest stocks in the top size decile (average percentage

bid-ask spread is 0.1%).

The liquidity associated with the ETFs allow us to measure their realized volatility accurately

using intraday transaction data from TAQ. Similar to Antweiler and Frank (2004), we choose

15-minute periods when we sample the intraday returns 2 which denotes the intraday return

for asset  during the  -th period on day  . Asset  ’s (annualized) realized volatility on day  is

given by

 = 250

X
=1

2 (5)

The time series  is truncated at 2 of to alleviate the impact of outliers. We use the time-

series demeaned natural logarithm of asset  ’s realized volatility dln () = ln ()− ln () as
our measure of volatility. These daily normalized log realized volatilities are plotted in Figure 4.

Evidently, as we enter the September of 2008 when the stock market collapsed, volatility surged

across all asset classes, more so for stock ETFs than for the treasury and gold ETFs.

Since volatility is persistent and long-lived (Engel and Patton (2001) and Andersen et al.

(2001)), we model this long-range dependence through the fractional integrated autoregressive

moving average model, (  ) :

Φ () (1− )  = Θ ()  (6)

where the autoregressive coefficient is  , fractional integration parameter is 0    05 , and the

moving-average coefficient is  . By implementing an ARFIMA model, our objective is to remove

the predictable components from the volatility series and extract the innovations.12 The estimate

of the autoregressive coefficient  is not significantly different from zero, so we set it to zero and

12We use Ox Metrics ARFIMA package to implement these estimates. Specifically, to estimate the fractional

integration parameter, the estimation uses Geweke and Porter-Hudak (1983) log-periodogram method. Doornik and

Ooms (2006) outline the details of the algorithm.
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estimate a simple (0  1) model. After extracting the (0  1) residuals, we

remove any intra-week and intra-year seasonality in volatility changes by regressing the residuals

against weekday and month dummies.

The statistical estimates of ARFIMA models are presented in Table 6. Consistent with early

findings in Andersen et al. (2001) and Antweiler and Frank (2004), each of the time-series of ETF

realized volatilities has a strong moving-average (MA) component but no statistically significant

autoregressive (AR) component. The fractional cointegration parameter values are reliably different

from zero in all cases, but none of them is above 05. The extracted volatility innovations are plotted

in Figure 5 across the six ETFs. It is clear that the ARFIMA innovations are free of time trends,

not autocorrelated and close to white noise. In another words, the ARFIMA model works well in

extracting the innovations from the time series of realized volatility.

Although we extract the volatility innovations by fitting the ARFIMA model to the full sample,

we want to emphasize that this procedure should not result in a “look-ahead bias” that leads to

spurious predictive power in our Macro FEARS index. When we repeat our entire analysis using

daily changes in log realized volatilities which do not use future information, we find similar results

for our FEARS indices.

4.2 Empirical Results

After extracting the seasonally-adjusted ARFIMA(0,d,1) realized volatility innovations ( = (1−
) ln()), we examine the incremental predictive power of the Micro and Macro FEARS indices

on volatility using the following regressions:

+ = 0 + 1∆_ + 2∆_ +
X




 + + (7)

Control variables() include VIX, _ and _ , and lagged

ETF returns. For example, it has become a stylized fact that volatility is negatively correlated

with lagged returns, a phenomenon known as the asymmetric volatility effect.13 For these reasons,

13See Black (1976), Christie (1982), French, Schwert, and Stambaugh (1987), and Glosten, Jagannathan, and

Runkle (1993) among others. The common explanations of asymmetric volatility are a leverage effect or a time-

varying risk premium, although both are less applicable in the high frequency setting. Instead, Avramov, Chordia

and Goyal (2006) find that the asymmetric volatility effect at the daily frequency can be explained by the rational

expectation models of Hellwig (1980) and Wang (1994): non-informational liquidity trades increase volatility following
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we first include lagged returns (5 lags) as controls in each specification. Moreover, to the extent

that low returns increase FEARS, by including them as control variables 1 and 2 capture the

incremental predictive power of the FEARS indices that is not attributable to its correlation with

returns.

The most robust finding among the volatility specifications is the contemporaneous corre-

lation between FEARS and volatility after controlling for returns, VIX, _ and

_. For example, Panel A, Table 7 shows that a one standard deviation increase

in ∆_ corresponds with a contemporaneous 5.6% increase in realized volatility

for the Nasdaq 100. In addition, a one standard deviation increase in ∆_ corre-

sponds with a contemporaneous 4.8% increase in realized volatility for the Nasdaq 100 index. The

magnitudes are similar for the SPY, IWM and TLT exchange-traded funds. Moreover, Macro

FEARS is a statistically significant predictor of future volatility among several of the asset classes.

For example, a one standard deviation change in Macro FEARS today predicts a 4.6% increase

in volatility tomorrow (p-value  .05). Likewise for TLT, a one standard deviation increase in

Macro FEARS today predicts an 114% increase in realized volatility tomorrow (p-value  .01).

In fact the coefficient on ∆_ for day (+ 1) volatility is positive in each of the four

ETFs and statistically significant at the 5% level in two of them (QQQQ and TLT). The evidence

for Micro FEARS is weak: the coefficient is the opposite sign but economically and statistically

insignificant in all but one specification (ETF: TLT).

The fact that Macro FEARS is correlated with and predictive of volatility even after controlling

for returns suggests that the FEARS indices are able to identify the subset of events that induce

volatility. For example, we know that there is a contemporaneous correlation between the FEARS

indices and returns from Section 3: there is more search for negative terms on days in which

is market is down. However, the fact that Macro FEARS is predictive of volatility even after

controlling for returns suggests the FEARS indices help identify the subset of negative events that

are particularly relevant for volatility.

stock price declines while informed trades reduce volatility following stock price increases.
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5 FEARS and Fund Flows

Noise traders affect asset prices via trading. To directly examine the sentiment effects of noise

traders we examine daily mutual fund flows. Since individual investors hold about 90% of total

mutual fund assets, and they are more likely to be sentiment traders, daily flows to mutual fund

groups likely aggregate noise trading at the asset class level (Brown et al. (2002)). Daily mutual

fund flow data are obtained from TrimTabs for two groups of mutual funds that specialize in equity

(Equity) and intermediate treasury bonds (MTB).

Bollerslev and Jubinski (1999), and Fleming and Kirby (2006) provide evidence that an indi-

vidual stock’s daily trading volume series exhibits long-run temporary dependencies, which can be

modelled using a fractionally integrated processes. Similar to observations made on the volume

of individual stocks, we also find very strong persistence and long-memory components in daily

fund flows. For this reason, we first demean each of the daily fund flow series, and apply the

(  ) models to extract daily fund flow innovations. Our diagnostics indicate that the

(1  1) model fits the underlying daily fund flows well. The integration parameter values

are in the neighborhood of 040 and p-value less than 01%. In addition, the moving average (MA)

as well as the autoregressive (AR) terms are all statistically significant at the 1% level or higher.

There is one data issue worth pointing out. TrimTabs mutual fund flow is calculated using both

publicly observable net asset value (NAV) and privately reported total asset value (NTA). Despite

the obvious accuracy of NAV, the NTA information might be reported with a delay of one day for

some funds. Both Edelen and Warner (2001), as well as Greene and Hodges (2002) document this

issue, and analyze it in details. Because of this potential one-day reporting delay, we note that

TrimTabs flow in day  + 1 may actually contain flow in day . To address this problem, we run

regressions of contemporaneous fund flows, fund flows 1, 2, 3, and 4 days ahead, and a fund flow

average over 2 to 4 days ahead. In particular, we run the following regression:

+ = 0 + 1∆_ + 2∆_ +
X




 + + (8)

where fund class  denotes includes bond and equity funds. Control variables() include

 , _ and _, and five lags of market returns. The results of
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these regressions are reported in Table 8.

We find that our Macro FEARS index has significant incremental predictive power on future

daily fund flow innovations for equity funds but no predictive power for bond funds. A one-standard

deviation increase in Macro FEARS is associated with contemporaneous equity fund outflow of 0.13.

Moreover, the outflow from equity funds persist for about a week, with the average outflow of 0.20

during the 2 to 4 day window (significant at the five-percent level). There is little evidence that

Micro FEARS index is associated with daily equity fund flows.

The contemporaneous relationship between Macro and Micro FEARS indices and bond fund

flow, as well as the predictive power of Macro and Micro FEARS indices on future bond fund flow

is not statistically significant. The average effect during the 2 to 4 day window is economically

small. This could be due to the fact that sentiment investors move assets out of equity funds then

hold on the cash rather than directly invest into bond funds.

Overall, given that daily mutual fund flows are likely capturing aggregate “noise” trading within

these asset classes, we view the predictive power of our FEARs index on fund flows as direct

supporting evidence for the “noise trading” hypothesis of DeLong et. al. (1990).

6 Discussion of Alternative Interpretations

Just as many authors have understood the solicitation of household attitudes by survey as a measure

of sentiment (e.g., Brown and Cliff (2004), Lemmon and Portniaguina (2006), and Qiu and Welch

(2006)), we understand the revelation of household attitudes via search as a measure of sentiment.

We then test many of the predictions of sentiment models such as DeLong, Shleifer, Summers

and Waldmann (1990). So far we have found strong evidence that the attitudes of households

as revealed by their search behavior have predictability for short-term returns, short-term market

volatility and equity mutual fund flows.

6.1 Endogenous Search

Some readers may be concerned that search is endogenous to macroeconomic events. For example,

there must be some macro events which coordinate the large spikes in search we observe in Figure

1. This does not disqualify search as a measure of sentiment. In fact, we should expect investor
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sentiment to be endogenous to macroeconomic events.14 News arrives daily - some of it will affect

investor sentiment and some of it will not. To the extent that daily returns capture the (signed)

news arrival of the day, we have explicitly controlled for news events in each of our specifications.

Therefore, we can think of our FEARS indices as describing the amount of sentiment generated by

an event.

Other readers will be concerned about reverse causality in some of our prediction models if events

are anticipated. For example, we find that Macro FEARS today predicts volatility tomorrow across

several asset classes. However, just because we see search ahead of a volatility spike we cannot

conclude that sentiment today caused volatility tomorrow in the same way we cannot conclude that

someone who buys an umbrella today in preparation for rain tomorrow causes the rain tomorrow.

However, the predictability for returns (Section 3) mitigates such concerns. The fact that we find

high FEARS today is correlated with low returns today but predicts high returns tomorrow makes

reverse causality unlikely. It is implausible that investors, anticipating a high return tomorrow,

would search for terms like “recession” and “inflation” today. Returns reversal following a spike

in the FEARS index is more consistent with sentiment models which predict temporary deviations

from fundamentals.

6.2 Search as a Measure of Sentiment

Beyond endogeneity concerns, there are also other interpretations of our measure and its subsequent

predictability for asset volatility. For instance, it is possible that search for terms like “recession”

or “great depression” proxy for time-varying risk-aversion. In Campbell and Cochrane (1999), a

low surplus consumption ratio will jointly cause risk-aversion and volatility to increase. In Kyle

and Xiong (2001) when convergence traders have reduced capital as a result of losses, their risk

aversion will increases (due to wealth effects) while asset volatility increases as they liquidate their

positions. Both models generate a correlation between risk aversion and volatility in the time series.

While this is a possible interpretation of our evidence, there are two important caveats. First,

neither model generates a predictable reversal in prices which is what we find in Section 3. Second,

14Qui and Welch (2006) discuss this issue as well. They argue: “The theories are about sentiment, not about

sentiment orthogonal to macroeconomic conditions. In what theory would we expect sentiment not to be related to

unemployment, GDP, portfolio returns, wealth changes, etc.? (Answer: None!) Sentiment does not drop like manna

from heaven.”
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there is little evidence that risk-aversion changes as rapidly as daily (see Brunnermeier and Nagel

(2008)). Therefore, it seems less likely the large daily variation we observe in search volume

represents time-varying risk aversion.

Alternatively, search volume for negative terms may be proxying for time-varying parameter

uncertainty governing the dynamics of asset returns which is in turn positively related to future

asset volatility (see Veronesi (1999) among many others). The VIX index is commonly viewed as

an indicator of such aggregate uncertainty but we do not find any evidence that VIX is related to

return reversal. Moreover, Macro FEARS remains a strong predictor of future asset volatility even

after controlling for VIX.

Finally, some readers may worry that search for FEARS terms is a neutral activity which does

not reflect underlying pessimism or optimism. The argument is that households may search for

terms like “inflation” or “recession” not because they are concerned about inflation or a recession

but rather because they wish to gather information about inflation or recession. This claim is not

supported by the evidence. First, even a cursory look at many of the FEARS components (such

as “recession” or “credit card debt”) suggests they increase in bad times. For example, (negative)

search volume for the term “recession” has an 82% correlation with the University of Michigan’s

Consumer Confidence Index, suggesting most of the time households search for “recession” when

they are worried about a recession. Second, recall from Section 3 that we find a contemporaneous,

negative relationship between FEARS and equity returns. The days in which equity returns are

low are the same days in which households search for terms in the FEARS indices.

7 Conclusion

Measuring investor sentiment is an empirical challenge. A good sentiment measure should have

several desirable properties: it should be direct; it should encompass a large and relevant population

of an economy and it should be verifiable by some objective measure of behavior.

In this paper, we introduced a new sentiment measure created from the search behavior of

households which has these properties. By aggregating queries like “recession”, “bankruptcy” and

“credit card debt” we construct Financial and Economic Attitudes Revealed by Search (FEARS) in-

dices. In particular, we show the sentiment index constructed in this paper predicts market returns.
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Our FEARS indices are correlated with low returns today but predict high returns tomorrow, a

reversal pattern that is consistent with sentiment-induced temporary mispricing. Moreover, this

effect is strongest among stocks that are favored by sentiment investors and are difficult to arbi-

trage. In addition, the sentiment index has strong predictive power for daily volatility. We show

that the FEARS index strongly predicts next-day volatility across various asset classes during the

period from 2004 to 2008, even after controlling for existing predictors of future volatilities such as

return, the CBOE market volatility index (VIX) and news-based sentiment indices. This evidence

is consistent with the “noise trading” hypothesis of DeLong et. al. (1990). Using daily aggregate

mutual fund flows, we also provide direct evidence for “noise” trading. Increases in the Macro

FEARS index predicts daily mutual fund flows out of equity funds but not out of bond funds.

Moreover, this paper underscores the usefulness of search data in financial applications. Search

data has the potential to reveal to empiricists the underlying beliefs of an entire population of

households. Given that many financial models link beliefs to equilibrium outcomes (such as

returns or volume), search behavior has the potential to provide sharper tests of economic models.

The tests herein constitute one possible application of search data. We leave the many other

applications for future research.
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Figure 1: Illustrations of Google Trends Search 
 

The figures represent the graphical outputs for Google Trends’ search terms. The top panel plots weekly 
aggregate search frequency (SVI) for “credit card debt.”  SVI for “credit card debt” is the weekly search 
volume for “credit card debt” scaled by the average search volume of “credit card debt. Bottom Panel 
plots similar SVI for “recession.” 
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Figure 2: SVI on “recession” and Other Variables 
 

Top panel plots the monthly log SVI for “recession” (with a minus sign) against the monthly University 
of Michigan Consumer Sentiment Index. Bottom Panel plots the daily SVI for "recession" against the 
daily CBOE market volatility index (VIX) during the week from August 6 to August 14 in 2007. 
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Figure 3: Percentage of Variance Explained by Each Factor 
 

We apply Principal Component Analysis (PCA) to the cross-section of daily SVI changes on 27 search 
terms. The figure plots the percentage of total variance explained by each of the 27 factors. 
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Figure 4: Normalized Daily Log Realized Volatilities across ETFs 
 

This figure plots the daily normalized log realized volatilities. The four ETFs are: (1) SPDR S&P500 (AMEX: SPY), (2) PowerShares QQQ Trust 
(NASDAQ: QQQQ), (3) iShare Russell 2000 Index (NYSE: IWM) and (4) iShares Barclays 20+ Year Treasury Bond (NYSE: TLT). 
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Figure 5: ARFIMA(0,d,1) Daily Realized Volatilities Innovations across ETFs 
 

This figure plots the daily ARFIMA(0,d,1) innovations on the log normalized realized volatilities. The parameter estimates for d can be found in 
Table 3. The four ETFs are: (1) SPDR S&P500 (AMEX: SPY), (2) PowerShares QQQ Trust (NASDAQ: QQQQ), (3) iShare Russell 2000 Index 
(NYSE: IWM) and (4) iShares Barclays 20+ Year Treasury Bond (NYSE: TLT). 
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Table 1: Search Terms used in FEARS Index 
 

This table contains the list of 27 search terms used in the construction of the Financial and Economic 
Attitudes Revealed by Search index, or FEARS index. They are categorized in two groups. 
 

Micro FEARS Macro FEARS 
job search 
job openings 
new job 
job opportunities 
job application 
job bank 
unemployment benefits 
unemployment rate 
unemployment office 
unemployment insurance 
debt collection 
bankruptcy 
bankruptcy court 
chapter 7 
filing bankruptcy 
chapter 13 
credit debt 
debt consolidation 
credit card debt 

 

national debt 
the depression 
great depression 
the great depression 
inflation 
inflation rate 
cost of living 
recession 
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Table 2: Factor Analysis 
 
We apply Principal Component Analysis (PCA) to the cross-section of daily SVI changes on 27 search 
terms. We choose the number of factors to be six and rotate the first six factors using the varimax method. 
For each of six rotated factors, we then report the top three search terms it loads on. We also report the 
percentage of total variance explained by each of the factor. 
 

  Factor 1 Factor 2 Factor 3

Search Term 1 The Depression Job Search Bankruptcy
Search Term 2 The Great Depression Job Openings Bankruptcy Court
Search Term 3 Great Depression Job Opportunity Job Bank

% of variance explained 20.2% 12.4% 12.2% 

  Factor 4 Factor 5 Factor 6
Search Term 1 Unemployment Office Credit Debt Inflation 

Search Term 2 Unemployment 
Insurance

Credit Card Debt Inflation Rate 

Search Term 3 Unemployment Benefits Debt Consolidation Recession 

% of variance explained 7.3% 10.9% 9.7% 
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Table 3: Investor Sentiment and Returns 
 
This table shows OLS regression results.  The dependent variables are contemporaneous returns and 
future returns while the independent variables are the Macro and Micro FEARS indices.  The set of 
control variables include lagged returns up to five lags, a negative news sentiment measure, an 
uncertainty news sentiment measure (based on the Harvard IV-4 dictionary list of negative and 
uncertainty words), and the CBOE volatility index (VIX).  The standard errors are robust to 
heteroskedasticity and autocorrelations with five lags. The test assets in Panels A, B, C, D, and E are 
CRSP value-weighted, SPY, QQQQ, TLT and IWM daily returns respectively. Panel A displays the 
coefficients on all of the control variables and the remaining panels omit them for brevity.  *,**, and *** 
denote significance at the 10%, 5% and 1% level respectively.  
 
 
Panel A: Sentiment and CRSP value-weighted returns 
 
 (1) (2) (3) (4) (5) (6) 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00222** -0.000559 0.00208** -7.28e-05 -0.000985 -0.000433 

(0.00100) (0.000863) (0.000890) (0.000764) (0.000849) (0.000884) 

FEARS: Micro (t) -0.00280*** 0.00194** -0.000272 0.000244 0.000510 -0.000371 

(0.00107) (0.000889) (0.00103) (0.000819) (0.000981) (0.000983) 

VIX (t) -0.00217** -0.000246 -0.000357 -0.000324 -0.000362 -0.000307 

(0.000855) (0.000764) (0.000730) (0.000680) (0.000699) (0.000682) 

Negative News (t) -0.130 -0.0652 0.0562 -0.0283 0.0617 0.0232 

(0.0895) (0.0860) (0.0796) (0.0898) (0.0853) (0.0870) 

Uncertainty News (t) -0.353 0.328 -0.195 0.279 -0.194 -0.219 

(0.299) (0.276) (0.315) (0.309) (0.286) (0.349) 

Ret(t) -0.0904 -0.138* 0.0864* -0.0964 -0.0639 

(0.0578) (0.0729) (0.0505) (0.0603) (0.0617) 

Ret(t-1) -0.131** -0.144* 0.0812 -0.0671 -0.0618 0.0444 

(0.0533) (0.0766) (0.0550) (0.0619) (0.0645) (0.0791) 

Ret(t-2) -0.171** 0.0526 -0.115* -0.0675 0.00444 -0.0502 

(0.0736) (0.0531) (0.0592) (0.0650) (0.0766) (0.0661) 

Ret(t-3) 0.0376 -0.100* -0.0471 0.0192 -0.0361 0.0394 

(0.0540) (0.0603) (0.0622) (0.0739) (0.0630) (0.0616) 

Ret(t-4) -0.103* -0.0429 -0.00178 -0.0265 0.0281 0.00808 

(0.0570) (0.0727) (0.0708) (0.0649) (0.0654) (0.0698) 

Ret(t-5) -0.0561 -0.000149 -0.0393 0.0320 0.00301 0.0367 

(0.0697) (0.0660) (0.0603) (0.0640) (0.0704) (0.0648) 

Constant -0.00107 -0.000163 -0.000203 -0.000176 -0.000219 -0.000177 

(0.000665) (0.000609) (0.000578) (0.000527) (0.000545) (0.000544) 

Observations 1239 1239 1239 1239 1239 1239 

Adjusted R-squared 0.099 0.038 0.041 0.014 0.007 0.002 
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Panel B: Sentiment and QQQQ Daily Returns 
 
  QQQQ Daily Return 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00172* -0.00129 0.00247*** -0.000106 -0.00159* -0.000367 

(0.00105) (0.000914) (0.000957) (0.000878) (0.000902) (0.000971) 
FEARS: Micro (t) -0.00270*** 0.00214** -0.000232 -5.20e-05 0.000948 -0.00112 

(0.00104) (0.00100) (0.00107) (0.00105) (0.00109) (0.00130) 
Control Variables Included Included Included Included Included Included 
Observations 1228 1226 1225 1224 1223 1222 
Adjusted R-squared 0.060 0.024 0.022 0.008 0.005 -0.002 

 
Panel C: Sentiment and SPY Daily Returns 
 
  SPY Daily Return 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00276*** -0.000748 0.00177** 0.000410 -0.00132 -1.57e-05 

(0.00102) (0.000845) (0.000865) (0.000757) (0.000807) (0.000881) 
FEARS: Micro (t) -0.00245** 0.00210** -0.000204 -0.000538 0.000678 -0.00114 

(0.00102) (0.000970) (0.000958) (0.000943) (0.000940) (0.00112) 
Control Variables Included Included Included Included Included Included 
Observations 1234 1233 1232 1231 1230 1229 
Adjusted R-squared 0.108 0.052 0.037 0.009 0.018 0.014 
 
Panel D: Sentiment and IWM Daily Returns 
 
  IWM Daily Returns 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00212* -0.000900 0.00227** -0.000702 -0.000836 -0.000328 

(0.00109) (0.00109) (0.00110) (0.001000) (0.000997) (0.00109) 
FEARS: Micro (t) -0.00355*** 0.00326*** -5.03e-05 -0.000234 -0.000284 -0.000771 

(0.00123) (0.00121) (0.00122) (0.00118) (0.00121) (0.00138) 
Control Variables Included Included Included Included Included Included 
Observations 1234 1233 1232 1231 1230 1229 
Adjusted R-squared 0.069 0.025 0.014 0.009 0.010 0.004 
 
Panel E: Sentiment and TLT Daily Returns 
 
  TLT Daily Return  

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) 0.00123*** -6.69e-05 -0.000343 -3.20e-05 4.16e-05 -0.000197 

(0.000468) (0.000436) (0.000425) (0.000406) (0.000435) (0.000406) 
FEARS: Micro (t) 0.000133 -0.000670 0.000170 0.000195 -0.000482 7.91e-05 

(0.000600) (0.000528) (0.000543) (0.000545) (0.000581) (0.000503) 
Control Variables Included Included Included Included Included Included 
Observations 1234 1233 1232 1231 1230 1229 
Adjusted R-squared 0.026 0.006 0.008 0.012 0.014 0.013 
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Table 4: Sentiment and Beta-Sorted Portfolio Returns 
 
This table shows OLS regression results.  The dependent variables are contemporaneous returns and 
future returns while the independent variables are the Macro and Micro FEARS indices.   The set of 
control variables include lagged returns up to five lags, negative news sentiment measure, uncertainty 
news sentiment measure (based on Harvard H-4 dictionary list of negative and uncertainty words list), 
and CBOE volatility index (VIX).  The standard errors are robust to heteroskedasticity and 
autocorrelations. The test assets in Panels A, B and C are high beta portfolio daily returns, low beta 
portfolio daily returns, and return spreads between high and low beta portfolio, respectively. *, **, and 
*** denote the coefficient estimates are significant at ten, five and one percent significance level 
respectively.  
 
Panel A: Sentiment and High Beta Portfolio Daily Returns 
 
  High Beta Portfolio Daily Returns 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00303** -5.66e-05 0.00319** -0.000419 -0.00102 -0.000824 

(0.00144) (0.00138) (0.00135) (0.00122) 0.00126) (0.00136) 
FEARS: Micro (t) -0.00492*** 0.00320** -0.000152 0.000826 0.000279 0.000568 

(0.00160) (0.00160) (0.00152) (0.00176) (0.00174) (0.00198) 
Control Variables Included Included Included Included Included Included 
Observations 1239 1239 1239 1239 1239 1239 
Adjusted R-squared 0.060 0.013 0.014 0.006 0.003 0.003 
 
Panel B: Sentiment and Low Beta Portfolio Daily Returns 
 
  Low Beta Portfolio Daily Returns 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00112** 0.000326 9.31e-05 -1.51e-05 -0.000360 -0.000513* 

(0.000440) (0.000312) (0.000305) (0.000280) (0.000302) (0.000287) 
FEARS: Micro (t) -0.000588 1.52e-05 0.000840** 0.000127 0.000610 0.000159 

(0.000397) (0.000441) (0.000408) (0.000576) (0.000557) (0.000497) 
Control Variables Included Included Included Included Included Included 
Observations 1239 1239 1239 1239 1239 1239 
Adjusted R-squared 0.085 0.059 0.013 0.010 0.007 -0.000 
 
Panel C: Sentiment and High minus Low Beta Portfolio Daily Return Spreads  
 
  High Beta Portfolio - Low Beta Portfolio Daily Return Spreads  

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00210* -0.000137 0.00313** -0.000406 -0.000543 -0.000279 

(0.00124) (0.00127) (0.00128) (0.00116) (0.00119) (0.00130) 
FEARS: Micro (t) -0.00449*** 0.00305** -0.000814 0.000514 -0.000249 0.000338 

(0.00142) (0.00139) (0.00137) (0.00151) (0.00148) (0.00172) 
Control Variables Included Included Included Included Included Included 
Observations 1239 1239 1239 1239 1239 1239 
Adjusted R-squared 0.047 0.012 0.018 0.011 0.009 0.008 
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Table 5: Sentiment and Volatility-Sorted Portfolio Returns 
 
This table shows OLS regression results.  The dependent variables are contemporaneous returns and 
future returns while the independent variables are the Macro and Micro FEARS indices.  The set of 
control variables include lagged returns up to five lags, negative news sentiment measure, uncertainty 
news sentiment measure (based on Harvard H-4 dictionary list of negative and uncertainty words list), 
and CBOE volatility index (VIX).  The standard errors are robust to heteroskedasticity and 
autocorrelations. The test assets in Panels A, B and C are high return volatility portfolio daily returns, low 
return volatility portfolio daily returns, and return spreads between high and low return volatility 
portfolio, respectively. *, ** and *** denote the coefficient estimates are significant at ten, five and one 
percent significance level respectively.  
 
 
Panel A: Sentiment and High Volatility Portfolio Daily Returns 
 
  High Volatility Sorted Portfolio Daily Returns 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00228** 0.000258 0.00160* 0.000305 -0.000843 -0.00109 

(0.000994) (0.000890) (0.000884) (0.000815) (0.000803) (0.000875) 
FEARS: Micro (t) -0.00367*** 0.00127 0.000466 0.00136 0.000484 0.000684 

(0.00105) (0.00106) (0.00108) (0.00142) (0.00132) (0.00157) 
Control Variables Included Included Included Included Included Included 
Observations 1239 1239 1239 1239 1239 1239 
Adjusted R-squared 0.096 0.041 0.009 0.006 0.001 0.004 
 
Panel B: Sentiment and Low Volatility Portfolio Daily Returns 
 
  Low Volatility Sorted Portfolio Daily Returns 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.00159** -1.57e-05 0.000231 9.25e-05 -0.000330 -0.000215 

(0.000699) (0.000298) (0.000339) (0.000300) (0.000353) (0.000321) 
FEARS: Micro (t) -0.000258 0.000244 0.000422 -7.58e-05 0.000372 0.000175 

(0.000536) (0.000420) (0.000449) (0.000502) (0.000515) (0.000465) 
Control Variables Included Included Included Included Included Included 
Observations 1239 1239 1239 1239 1239 1239 
Adjusted R-squared 0.107 0.083 0.021 0.026 0.022 0.013 
 
Panel C: Sentiment and High minus Low Volatility Portfolio Daily Return Spreads  
 
  High Volatility Sorted Portfolio - Low Volatility Sorted Portfolio Daily Return Spreads 

Ret(t) Ret(t+1) Ret(t+2) Ret(t+3) Ret(t+4) Ret(t+5) 
FEARS: Macro (t) -0.000581 0.000287 0.00106 0.000233 -0.000182 -0.000884 

(0.000683) (0.000772) (0.000686) (0.000692) (0.000707) (0.000756) 
FEARS: Micro (t) -0.00376*** 0.00128 0.000516 0.00124 -3.67e-05 0.000436 

(0.000830) (0.000829) (0.000845) (0.00111) (0.00100) (0.00133) 
Control Variables Included Included Included Included Included Included 
Observations 1239 1239 1239 1239 1239 1239 
Adjusted R-squared 0.109 0.071 0.026 0.016 0.012 0.016 
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Table 6: ARFIMA(0,d,1) Estimation 
 

This table reports the estimates of fitting ARFIMA(0,d,1) model to the normalized log daily realized 
volatilities on the six ETFs. d refers to the fractional integration. Standard errors associated with the 
estimates are in italics. A software package called Ox Metrics ARFIMA is used in the estimation. The six 
ETFs are: (1) SPDR S&P500 (AMEX: SPY), (2) PowerShares QQQ Trust (NASDAQ: QQQQ), (3) 
iShare Russell 2000 Index (NYSE: IWM), and (4) iShares Barclays 20+ Year Treasury Bond (NYSE: 
TLT).  
 

  QQQQ SPY IWM TLT

d 0.476 0.494 0.492 0.454
Std.Error 0.03 0.01 0.01 0.04

MA(1) -0.179 -0.150 -0.167 -0.386
Std.Error 0.04 0.03 0.03 0.06
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Table 7: Sentiment and Realized Volatility 
 
This table shows OLS estimates of the coefficients on FEARS macro index and micro index on 
FEARS macro index and micro index on contemporaneous realized volatility innovations and 
future realized volatility innovations for different indices.  Realized volatility innovations are 
calculated by fitting ARFIMA(0,d,1) model to the normalized log daily realized volatilities on 
the five ETFs and then adjusting for intra-week and intra-year seasonality. The set of control 
variables include lagged returns up to five lags, negative news sentiment measure, uncertainty 
news sentiment measure (based on Harvard H-4 dictionary list of negative and uncertainty words 
list), and CBOE volatility index (VIX).  The standard errors are robust to heteroskedasticity and 
autocorrelations. The test assets in Panels A, B and C are high return volatility portfolio daily 
returns, low return volatility portfolio daily returns, and return spreads between high and low 
return volatility portfolio, respectively. *, ** and *** denote the coefficient estimates are 
significant at ten, five and one percent significance level respectively.  
 
 
Panel A: Sentiment and QQQQ Volatility 
 
 (1) (2) (3) (4) (5) (6) 

Vol(t) Vol(t+1) Vol(t+2) Vol(t+3) Vol(t+4) Vol(t+5) 
FEARS: Macro (t) 0.102*** 0.0842** 0.0859* -0.00388 -0.0178 0.0253 

(0.0364) (0.0360) (0.0496) (0.0364) (0.0377) (0.0338) 
FEARS: Micro (t) 0.111** -0.0106 -0.0532 -0.0451 0.0119 0.0201 

(0.0475) (0.0427) (0.0532) (0.0445) (0.0417) (0.0470) 
VIX (t) 0.00381** 0.00326** 0.00288* 0.00269 0.00295* 0.00257 

(0.00160) (0.00160) (0.00162) (0.00172) (0.00174) (0.00183) 
Negative News (t) 1.400 5.757 -4.192 -3.276 1.019 -0.374 

(3.502) (3.584) (3.724) (3.903) (3.941) (4.092) 
Uncertainty News (t) -12.83 5.531 -18.49 1.855 -9.520 2.090 

(13.32) (14.85) (17.04) (14.77) (14.89) (16.97) 
Ret(t) -4.574*** -10.01*** -5.281*** -2.402* -2.560* 0.702 

(1.417) (1.507) (1.208) (1.332) (1.381) (1.191) 
Ret(t-1) -10.25*** -5.777*** -2.531** -2.891** 0.319 0.121 

(1.448) (1.146) (1.286) (1.386) (1.198) (1.386) 
Ret(t-2) -6.913*** -3.622*** -3.366*** 0.0777 -0.125 -2.592** 

(1.203) (1.064) (1.298) (1.195) (1.369) (1.233) 
Ret(t-3) -3.262*** -2.889** 0.360 0.0932 -2.465** -0.652 

(1.085) (1.274) (1.197) (1.355) (1.254) (1.218) 
Ret(t-4) -3.293*** -0.204 -0.356 -2.700** -0.618 0.679 

(1.205) (1.183) (1.247) (1.283) (1.198) (1.413) 
Ret(t-5) -0.309 -0.178 -2.741** -0.617 0.900 -1.733 

(1.181) (1.211) (1.316) (1.181) (1.431) (1.173) 
Constant -0.0675** -0.0570* -0.0478 -0.0431 -0.0481 -0.0402 

(0.0325) (0.0328) (0.0337) (0.0349) (0.0350) (0.0363) 
Observations 1,228 1,227 1,226 1,225 1,224 1,223 
Adjusted R-squared 0.122 0.090 0.030 0.008 0.004 0.001 
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Panel B: Sentiment and SPY Volatility 
 
  SPY Volatility 

Vol(t) Vol(t+1) Vol(t+2) Vol(t+3) Vol(t+4) Vol(t+5) 
FEARS: Macro (t) 0.126*** 0.0559 0.00909 -0.0112 -0.00164 0.0359 

(0.0333) (0.0360) (0.0360) (0.0342) (0.0338) (0.0340) 
FEARS: Micro (t) 0.0973** -0.00861 -0.0789* 0.0123 0.00227 -0.0192 

(0.0422) (0.0418) (0.0434) (0.0421) (0.0455) (0.0462) 
Control Variables Included Included Included Included Included Included 
Observations 1,234 1,233 1,232 1,231 1,230 1,229 
Adjusted R-squared 0.146 0.090 0.028 0.004 0.000 0.001 
 
 
Panel C: Sentiment and IWM Volatility 
 
  IWM Volatility 

Vol(t) Vol(t+1) Vol(t+2) Vol(t+3) Vol(t+4) Vol(t+5) 
FEARS: Macro (t) 0.0918*** 0.0297 0.0421 0.00428 -0.00573 0.0267 

(0.0315) (0.0321) (0.0338) (0.0340) (0.0307) (0.0346) 
FEARS: Micro (t) 0.0853** -0.0288 -0.0681* -0.0191 0.0537 -0.0365 

(0.0403) (0.0398) (0.0397) (0.0472) (0.0445) (0.0469) 
Control Variables Included Included Included Included Included Included 
Observations 1,234 1,233 1,232 1,231 1,230 1,229 
Adjusted R-squared 0.127 0.093 0.028 0.005 0.004 0.000 
 
 
Panel D: Sentiment and TLT Volatility 
 
  TLT Volatility  

Vol(t) Vol(t+1) Vol(t+2) Vol(t+3) Vol(t+4) Vol(t+5) 
FEARS: Macro (t) 0.109** 0.208*** -0.0618 -0.00586 -0.0477 -0.0111 

(0.0457) (0.0502) (0.0487) (0.0444) (0.0472) (0.0448) 
FEARS: Micro (t) 0.144** -0.137** -0.0136 -0.0256 0.0787 0.0557 

(0.0627) (0.0642) (0.0569) (0.0605) (0.0577) (0.0558) 
Control Variables Included Included Included Included Included Included 
Observations 1,234 1,233 1,232 1,231 1,230 1,229 
Adjusted R-squared 0.025 0.023 0.007 0.005 0.004 0.001 
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Table 8: Sentiment and Fund Flows 
 
This table reports the results of contemporaneous and predictive regressions. We consider two 
mutual fund groups specializing in medium-term Treasury bond (MTB) and equity (Equity). For 
each mutual fund group, we obtain its daily fund flow (as a percentage of TNA multiplied by 
10000) from Trim Tabs. To remove the persistence in fund flow, we use ARFIMA(1,d,1) model 
to extract daily flow innovations. The set of control variables include lagged returns up to five 
lags, negative news sentiment measure, uncertainty news sentiment measure (based on Harvard 
H-4 dictionary list of negative and uncertainty words list), and CBOE volatility index (VIX).  
The standard errors are robust to heteroskedasticity and autocorrelations. The test assets in 
Panels A, B and C are high return volatility portfolio daily returns, low return volatility portfolio 
daily returns, and return spreads between high and low return volatility portfolio, respectively. *, 
** and *** denote the coefficient estimates are significant at ten, five and one percent 
significance level respectively.  
 
 
Panel A: Equity Fund Flow 
 
  Equity Fund Flow 

Flow(t) Flow(t+1) Flow(t+2) Flow(t+3) Flow(t+4) Average Flow(t+2 to t+4) 
FEARS: Macro (t) -0.237 -0.458* -0.257 -0.587** -0.162 -0.366** 

(0.303) (0.243) (0.254) (0.259) (0.275) (0.179) 
FEARS: Micro (t) 0.182 0.026 -0.161 0.069 -0.257 -0.051 

(0.417) (0.346) (0.301) (0.315) (0.395) (0.232) 
Control Variables Included Included Included Included Included Included 
Observations 1,230 1,229 1,228 1,227 1,226 1,225 
Adjusted R-squared 0.079 0.097 0.102 0.071 0.040 0.154 
 
 
 
Panel B: Bond Fund Flow 
 
  Bond Fund Flow 

Flow(t) Flow(t+1) Flow(t+2) Flow(t+3) Flow(t+4) Average Flow(t+2 to t+4) 
FEARS: Macro (t) 0.072 -0.275 -0.188 0.089 -0.824* -0.286 

(0.472) (0.474) (0.459) (0.466) (0.470) (0.231) 
FEARS: Micro (t) 0.096 1.11e-05 2.74e-05 -0.049 0.307 0.137 

(0.584) (0.549) (0.538) (0.549) (0.540) (0.285) 
Control Variables Included Included Included Included Included Included 
Observations 1,230 1,229 1,228 1,227 1,226 1,225 
Adjusted R-squared 0.027 0.025 0.010 0.006 0.005 0.051 
 
 


