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ABSTRACT
This paper replicates and extends the research performed by Garcia (2013). Using an ex-
tensive sample of financial columns from the New York Times and the Wall Street Journal
between 1890 and 2015, the predictive effect of media emotions is tested on stock prices. As
a proxy for each media emotion, the fraction of words representing that emotion in a column
is used. The results show that general positive and negative affect help predict asset prices.
A higher fraction of positive (negative) words in a financial column increases (decreases) the
returns on the Dow Jones. Partial evidence is found that this effect is more pronounced dur-
ing recessions than during expansions. Also, the emotion of serenity positively predicts stock
returns. On the other hand, it is found that stock returns have a predictive effect on media
emotions as well. Positive returns increase the fraction with which media content contains
positive affect and the emotion of self-assurance, while negative returns similarly increase
this fraction for negative affect and the emotions of fear and sadness. The main implication of
this research is that investor sentiment limits market efficiency, providing additional support
for the theoretical foundations of the behavioral finance paradigm.

*The author is a student of the Erasmus School of Economics, Erasmus University Rotter-
dam, The Netherlands. This research is supervised by Dr. G. Baltussen.
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I. Introduction

The traditional finance paradigm and the standard economic models of

decision-making that are derived from it describe investors to be rational,

updating their beliefs correctly and making choices that are normatively ac-

ceptable. This should translate into financial markets to be efficient in the

sense that asset prices fully reflect all available information and therefore

correspond with their fundamental values. In recent years, however, behav-

ioral economists have challenged the assumption of rationality and describe

how agents fail to update their beliefs correctly or how individual decision-

making is normatively questionable. The field of behavioral finance builds on

two basic principles, namely investor sentiment and the limits to arbitrage

that affect rationality in financial markets.

The effect of investor sentiment on financial markets has been researched

by multiple studies. Tetlock (2007) finds that high media pessimism predicts

downward pressure on market prices followed by a reversion to fundamen-

tals, and specifically high or low pessimism predicts high market trading vol-

ume. In addition, Garcia (2013) finds that the predictability of stock returns

using emotion indices based on general positive and negative affect in finan-

cial news content is concentrated in recessions.

Based on the aforementioned findings, the goal of this research is to repli-

cate and extend the work of Garcia (2013) in order to add to the existing body

of knowledge in the literature. Replication is performed by using a similar

sample period, dataset and the Loughran and McDonald (2011) dictionary to

test the effect of general positive and negative affect on asset prices. Exten-

sion is performed by expanding the original sample period of Garcia with 25

years. In addition, the construction of eleven specific emotion indices based

on the PANAS-X as conceptualized by Watson and Clark (1999) and subse-

quently testing their predictive effect on stock returns forms the main exten-

sion to the work of Garcia (2013).

The data sample in this research ranges from 1890 to 2015 and includes

financial columns from the New York Times and the Wall Street Journal. Fur-

thermore, the effect of media emotions is measured on the Dow Jones Indus-
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trial Average and the potential difference of effects between expansions and

recessions is tested by using historical business cycle information from the

National Bureau of Economic Research.

In line with the work of Garcia (2013), the main finding of this research

regarding the emotion indices of general positive and negative affect as con-

structed by Loughran and McDonald (2011) suggests that these emotions

indeed help predict stock returns. Specifically, a higher fraction of positive

words in a financial column increases the returns on the Dow Jones, while

a higher fraction of negative words similarly decreases these returns. Fur-

thermore, the pessimism media variable, which is constructed by subtracting

the positive from the negative emotion scale, shows a negative correlation

with stock returns as well. It is furthermore found that this predictive effect

is more consequential during recessions than during expansions for the pes-

simism scale. In addition, it is observed that the initial predictive effect of

the positive and pessimism emotion scales partially reverses over the follow-

ing trading days. Furthermore, partial evidence is found that the pessimism

scale shows a Monday/ post-holiday effect, which is only present during re-

cessions.

From the PANAS-X emotion scales, the results show that only the emo-

tion of serenity significantly and positively predicts the following day’s stock

returns. It is furthermore found that, for most of the positive and negative

emotion scales, the loadings of their correlations are in line with the hypoth-

esized direction in the sense that a positive (negative) emotion would logi-

cally show a positive (negative) correlation with stock returns. Also, partial

evidence is found that the emotion of sadness shows a significant Monday/

post-holiday effect.

Subsequently, after dividing the data sample into one subsample for the

New York Times and one for the Wall Street Journal, it is found that more

emotion scales significantly predict stock returns for the the New York Times

sample. This applies to general positive and negative affect and the emotion

of fear.

At the same time, it is found that stock returns have a predictive effect on

media emotions as well. With regard to the Loughran and McDonald emotion
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scales, positive stock returns increase the fraction of positive words in news

content while they similarly decrease this fraction for negative words. This

effect is found to be significant during expansions as well as in recessions.

Furthermore, no significant difference in predictive effect is found between

both business cycles, which is in line with the results of Garcia (2013).

From the PANAS-X emotion indices, the emotions of self-assurance, fear

and sadness are found to be influenced by stock prices as well. These emo-

tions are all affected in the predicted direction; whereas the positive emotion

scale of self-assurance is positively influenced by stock returns, the negative

emotion scales of fear and sadness show a negative correlation. Furthermore,

the results show that stock prices have a larger predictive effect on the degree

to which news content contains the emotion of fear during expansions than

during recessions, while this effect is more pronounced during recessions for

the emotion of sadness.

The findings of this research contribute to the existing body of knowl-

edge in the literature by not only investigating whether general positive and

negative emotions have a predictive effect on asset prices, but also whether

more specific emotions are determinants of stock return behavior. For prac-

titioners, the findings of this research may be valuable as a potentially out-

performing investment strategy can be constructed. Specifically, this can be

done using firm-specific news and analyzing the reaction of different firms’

stocks to positive and negative affect, the pessimism variable and the emotion

of serenity. Subsequently, by ranking companies on their reported emotion

scores on a continuous basis, taking a long position in stocks with high levels

of positive affect and serenity, while going short on stocks with high levels

of negative affect and the pessimism variable, could generate an investment

strategy that outperforms the market. With regard to the aforementioned,

the general implication that can be drawn from this research is that finan-

cial markets are not fully rational, offering more support for the notion that

investor sentiment limits this rationality.

The remainder of this research is organized as follows. In Section II, the

related literature is presented. In Section III, the procedure of data collection

and the research methodology are described. In Section IV, the results are
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summarized. The paper is concluded in Section V.

II. Literature review

A. Efficient Market Hypothesis

The primary role of the capital market is to allocate the ownership of the

economy’s capital stock. The ideal in this regard would be that the market

provides accurate signals for resource allocation, where firms make production-

investment decisions and investors can choose among the securities that rep-

resent ownership of firms’ activities under the assumption that security prices

at any time fully reflect all information that is available. Market efficiency is

reached when all prices fully reflect all available information and therefore

always correspond with their fundamental values.

The aforementioned concept is known in financial literature as the Effi-

cient Market Hypothesis (EMH). Since the EMH suggests that market prices

should only react to new information and changes in discount rates, a main

implication is that it is impossible to consistently outperform the market on a

risk-adjusted basis. This would remove the possibility for investors to either

purchase undervalued or sell overvalued stocks. Hence, the only way to ob-

tain higher returns is either by chance or by attracting capital that involves

a higher portion of risk (Fama, 1970).

B. Traditional finance

Barberis and Thaler (2003) describe the main idea of the traditional fi-

nance paradigm to be that investors are determined as ’rational’. This ra-

tionality has two implications. First, when agents receive new information,

they update their beliefs correctly, in the way described by Bayes’ law. Sec-

ond, agents make choices that are normatively acceptable given their beliefs,

in the sense that they correspond with Savage’s notion of Subjective Expected

Utility (SEU). Furthermore, the traditional finance model suggests, in corre-

spondence with the EMH, that capital markets equal the rational present

value of expected future cash flows.
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C. Behavioral finance

Behavioral finance is a relatively new approach to financial markets that

has partly emerged in response to the difficulties faced by the traditional

finance paradigm. In general, this approach argues that some financial phe-

nomena can better be understood using models in which agents are not fully

rational. Models in behavioral finance either describe how agents fail to up-

date their beliefs correctly, or show how individual decision-making is nor-

matively questionable. In other words, the study of behavioral finance an-

alyzes what happens when we relax one or both of the two aforementioned

tenets that underlie individual rationality. In some behavioral finance mod-

els, agents fail to update their beliefs correctly. In other models, agents apply

Bayes’ law properly but make choices that are normatively questionable, in

that they are incompatible with SEU (Barberis and Thaler, 2003).

More specifically, most traditional models of asset pricing use the Ratio-

nal Expectations Equilibrium framework (REE), which not only assumes that

individuals are rational but also that they have consistent beliefs (Sargent,

1993). Here, having consistent beliefs means that agents’ beliefs are correct,

in that the subjective distribution that is used to forecast future realizations

of unknown variables is indeed the distribution that those realizations are

drawn from. Apart from processing information correctly, this also requires

agents to have enough information about the structure of the economy to be

able to figure out the correct distribution for these variables. The violation

of consistent beliefs is sometimes referred to as bounded rationality or struc-

tural uncertainty, with an example being that of investors that do not know

the exact growth rate of an asset’s cash flows but learn it as best as they can

from the available data. Behavioral finance departs from the REE framework

by either relaxing the assumption of individual rationality or by relaxing the

consistent beliefs assumption (Barberis and Thaler, 2003).

Researchers in behavioral finance focus on two basic assumptions in or-

der to augment the standard finance model. Firstly, it is argued that bet-

ting against sentimental investors is costly and risky. This causes rational

investors, also known as arbitrageurs, to not act as aggressive in forcing
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prices to fundamentals as the standard finance model would suggest. This

phenomenon is commonly described as the limits to arbitrage. Secondly, re-

searchers in behavioral finance assume that investors are subject to senti-

ment, which is defined as a belief about future cash flows and investment

risks that is not justified by the facts at hand (Baker and Wurgler, 2007).

C.1. Limits to arbitrage

Arbitrage is defined as "the simultaneous purchase and sale of the same,

or essentially similar, security in two different markets for advantageously

different prices" (Sharpe and Alexander, 1990). Textbook arbitrage requires

no capital and entails no risk. However, in reality almost all arbitrage re-

quires capital and is typically risky. This leads to the concept of limits to

arbitrage, which argues that it can be difficult for rational traders to undo

market inefficiencies by less rational traders.

Multiple studies have shown a certain degree of limits to arbitrage that is

present in financial markets. Furthermore, it is shown that these limits occur

in volatile arbitrage positions, which, although offering attractive average

returns, expose arbitrageurs to risk of losses and the need to liquidate the

portfolio under pressure from the investors in the fund (Shleifer and Vishny,

1997). Consistent with these findings, Ali, Hwang, and Trombley (2003) find

that, among others, stocks’ idiosyncratic return volatility is associated with a

greater book-to-market effect.

In addition, Wurgler and Zhuravskaya (2002) argue that, while in text-

book theory demand curves for stocks are kept flat by riskless arbitrage be-

tween perfect substitutes, in reality individual stocks do not have perfect

substitutes, which results in a deterrence of risk-averse arbitrageurs from

flattening these demand curves. Hence, arbitrage is weaker and mispricing

is likely to be more consequential among stocks without close substitutes.

Also, Lamont and Thaler (2003) investigate the violations of the law of

one price, a theory arguing that the same asset cannot trade simultaneously

at different prices. They specifically study equity carve-outs followed by a

spinoff of the remaining shares of the subsidiary company and find that,
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while holders of a share of parent company A are expected to receive x shares

of subsidiary B, the price of A in reality turns out to be less than x times

the price of B. Although this highlights a clear market inefficiency, arbitrage

opportunities are eliminated due to shorting costs.

C.2. Sentiment

Investor sentiment is broadly defined as a belief about future cash flows

and investment risks that is not justified by the facts at hand (Baker and

Wurgler, 2007).

Previous research has shown multiple examples of how investor senti-

ment affects financial markets. In their paper, Barberis, Shleifer, and Vishny

(1998) present a model of investor sentiment in which it is shown how people

seem to overreact to high strength of evidence they are presented with, while

they underreact to a similar high statistical weight of such news. In particu-

lar, the authors argue that their model is consistent with the conceptualized

representativeness heuristic of Kahneman and Tversky (1972), where indi-

viduals view events as representative while ignoring the laws of probability,

which causes overreaction. Also, the model relates to the psychological phe-

nomenon of conservatism, described as the slow updating of models in the

face of new evidence (Edwards, 1968), causing underreaction.

Similarly, Daniel, Hirshleifer, and Subrahmanyam (1998) attribute under-

and overreaction to investor overconfidence and biased self-attribution. In

addition, Burnside, Han, Hirshleifer, and Wang (2011) hypothesize overconfi-

dence to explain the forward premium puzzle, which describes the difference

between the forward and spot exchange rates to negatively forecast subse-

quent exchange rate changes. Specifically, investors would overreact to infor-

mation about future inflation, causing the forward rate to grow proportionally

more than the spot rate.

Furthermore, Hong and Stein (1999) contribute to the under- and over-

reaction theory by hypothesizing that any short-run underreaction to certain

news must eventually lead to overreaction in the long run.

Also, Baker and Wurgler (2007) find that this sentiment has more struc-
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tural impact on stocks that are difficult to arbitrage, such as small stocks and

stocks for which relatively little information is available. They furthermore

argue that, as individual investors may be more prone to sentiment, asset

types regularly owned by this type of investors may also be more prone to

mispricing.

D. Psychology

Behavioral finance suggests through its main assumptions of limits to

arbitrage and sentiment that if irrational traders cause security prices to

deviate from their fundamental values, arbitrageurs may be unable to cor-

rect mispricing. The structure of these deviations is generally assumed to

be caused by people’s structural biases that arise when forming beliefs and

preferences. Hence, economists turn to the experimental evidence derived

by cognitive psychologists when explaining concepts that deviate from the

traditional finance paradigm (Barberis and Thaler, 2003).

D.1. Beliefs and preferences

Beliefs are described as internal informational representations of the re-

lationship between actions and outcomes (Gintis, 2006). A specification of

how agents generate expectations forms a crucial component of any model

of financial markets. Similarly, forming assumptions about investors’ pref-

erences, or the way in which they evaluate risky gambles, is an essential

component in understanding asset prices or trading behavior. Irrationality

behind investor behavior is based on beliefs and preferences and shows in

the form of behavioral biases (Barberis and Thaler, 2003).

Existing literature describes a number of biases with regard to beliefs

that form the basis of irrationality. One example is that of overconfidence,

which causes people to overestimate their knowledge, underestimate risks,

and exaggerate their ability to control events. Also, optimism and wishful

thinking cause people to display unrealistically rosy views of their abilities

and prospects (Weinstein, 1980). Other biases in beliefs that have been em-

ployed in the literature are that of representativeness and conservatism. On
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one hand, it is found that individuals tend to rely too heavily on small sam-

ples, which causes them to view these as overly representative of the underly-

ing population. On the other hand, individuals tend to rely too little on large

samples, causing them to update their beliefs too conservatively (Coval and

Shumway, 2005).

As aforementioned, classical economic models assume that investors eval-

uate gambles according to the Subjective Expected Utility framework. How-

ever, literature has employed a number of preference-based deviations from

rationality that violate this. One of the most influential theories that tries

to better capture how individuals’ preferences are formed is that of prospect

theory, which describes utility functions to be convex in the region of losses,

kinked at zero, and concave in the region of gains. Specifically, prospect the-

ory describes people to underweight outcomes that are merely probable in

comparison with outcomes that are obtained with certainty. This is called

the certainty effect, which makes individuals risk-averse in choices involv-

ing sure gains and risk seeking in choices involving sure losses. This makes

the value function for losses generally steeper than for gains. Moreover, the

isolation effect causes people to discard components that are shared by all

prospects under consideration and leads to inconsistent preferences when the

same choice is presented in different forms (Kahneman and Tversky, 1979).

Another widely accepted violation of the Subjective Expected Utility frame-

work with regard to preferences is the concept of ambiguity aversion. This

bias suggests that individuals dislike situations in which they are uncertain

about the probability distribution of a gamble. The Subjective Expected Util-

ity framework does not allow agents to express their degree of confidence

with regard to probability distribution and are therefore unable to capture

such aversion (Barberis and Thaler, 2003).

D.2. Effect of emotions on decision making

Beliefs and preferences are found to be influenced by emotions. Emotion

is described as a mental state arising spontaneously rather than through the

conscious effort and is often accompanied by physiological changes. A vast
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literature supports the idea that moods and emotions can considerably influ-

ence cognitive processes. First, it is shown that individuals are more likely

to recall information from memory that is congruent rather than incongru-

ent with their current feeling (Isen, Shalker, Clark, and Karp (1978); Bower

(1981)). Second, individuals may use their apparent affective response to a

target as a basis of judgment and they tend to be evaluating a target more

positively when they are in a happy rather than in a sad mood. Furthermore,

individuals that are in a happy mood tend to overestimate the likelihood of

positive, while underestimating the likelihood of negative outcomes of events,

whereas the opposite holds for those in a sad mood (Johnson and Tversky,

1983).

In addition, it is found that individuals’ affective states influence the in-

formation processing strategy that is adopted. The concept of affect is closely

related to emotion and is defined as the experience of feeling or emotion. Indi-

viduals that are in a happy mood are more likely to adopt a heuristic process-

ing strategy that is characterized by top-down processing, with high reliance

on pre-existing knowledge structures, while relatively little attention is paid

to the details of the situation at hand. Conversely, individuals that are in

a sad mood more likely adopt a systematic processing strategy that entails

a bottom-up processing method, with little reliance on pre-existing knowl-

edge structures, while relatively much attention is paid to the details of the

situation at hand (Schwarz and Clore, 1996).

As affect influences the information processing strategy, it subsequently

affects decision making as well. Tiedens and Linton (2001) argue that there

is a difference between emotions characterized by certainty or uncertainty.

They state that certainty associated with an emotion affects the certainty

experienced in situations and find that emotions associated with certainty

result in greater reliance on the expertise of a source, more stereotyping and

less attention to the quality of an argument compared with emotions asso-

ciated with uncertainty. Furthermore, Gino, Wood, and Schweitzer (2012)

show that anxiety makes agents more receptive to advice, even if this advice

is bad.

The field of behavioral economics extends the effect of emotions on deci-
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sion making to financial decisions and therefore financial markets as a whole.

Knutson, Wimmer, Kuhnen, and Winkielman (2008) find that positive and

arousing emotional states induce people to take more risk and to be more

confident when evaluating available investment options, relative to neutral

states, while negative emotions have the opposite effects.

Affect can be generated either endogenously by outcomes of prior actions,

or by exogenous manipulations, for which the focus of this research lies on the

latter. For example, Hirshleifer and Shumway (2003) show that the amount

of sunshine is strongly correlated with stock returns. They state that re-

turns increase as the amount of sunshine in a day also increases. The basic

idea behind this is that sunny weather is associated with positive emotions.

Furthermore, Edmans, Garcia, and Norli (2007) investigate the reaction of

financial markets to sudden changes in investor mood. Specifically, they use

international football results as a mood variable, since evidence exists that

there is a strong link between football outcomes and mood. The researchers

find that there is a significant market decline after football losses, indicating

that negative emotions have a negative impact on stock returns.

D.3. PANAS-X

Throughout previous research, two general factors, namely positive and

negative affect, have consistently emerged in studies of affective structures.

They appear to be the first two factors in factor analyses of self-rated mood

and as the first two dimensions in multidimensional scalings of mood terms

or facial expressions. The terms positive and negative affect strongly suggest

that the two represent opposite emotions and have emerged as two highly

distinctive dimensions.

Positive affect (PA) is described as the extent to which an individual feels

enthusiastic, active and alert, and high PA is a state of high energy, full

concentration and pleasurable engagement, whereas low PA is normally re-

flected in sadness and lethargy. Conversely, negative affect (NA) is a general

dimension of subjective distress and unpleasant engagement that generally

shows in the form of a number of aversive mood states, including anger, con-
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tempt, disgust, guilt, fear and nervousness, with low NA representing a state

of calmness and serenity (Watson, Clark, and Tellegen, 1988).

With the two aforementioned affective states as the basis, Watson et al.

(1988) have developed and validated measures of positive and negative affect.

The result of these measures is defined as the PANAS (Positive and Negative

Affect Schedule). The goal in developing the PANAS scales has been to cre-

ate reliable and valid measures and therefore the primary focus has been to

select descriptors that were relative pure markers of either positive or nega-

tive affect. As an extension to this schedule, Watson and Clark (1999) have

developed a number of specific affect scales, which together form an affect

schedule that is also known as the PANAS-X.

The PANAS-X comprises three basic positive emotion scales, four basic

negative emotion scales and four other affective state scales. For positive

affect, these scales comprise the emotions of joviality, self-assurance and at-

tentiveness. For negative affect, the basic emotion scales are represented by

the emotions of fear, hostility, guilt and sadness. The other affective states

are the emotions of shyness, fatigue, serenity and surprise. Each of the scales

is composed of a number of ’items’, which are key identifiers for each specific

emotion. The PANAS-X scales and their item composition are summarized in

Table I in the Appendix.

E. Media and financial markets

Mass media have a strong influence on public opinion. McCombs and

Shaw (1972) argue that editors, newsroom staff and broadcasters play an im-

portant role in shaping political reality when choosing and displaying news.

Apart from obtaining new information, readers are taught how much impor-

tance to attach to a piece of information based on the amount of information

included and the position of the text.

Multiple studies have researched the effect of media sentiment on finan-

cial markets. Huberman and Regev (2001) test whether enthusiastic public

media attention has an effect on asset prices. They study the specific case of

a pharmaceutical company and the potential development of its new cancer-
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curing drugs and find that media (over)enthusiasm can actually cause a per-

manent rise in share prices, even though no genuinely new information is

presented.

Furthermore, by researching the effects of investor sentiment on stock

returns, Baker and Wurgler (2007) find that sentiment can actually predict

asset prices. In particular, they find that the effect of sentiment differs on a

cross-sectional level, being especially high for low capitalization, younger, un-

profitable, high volatility, non-dividend paying, growth, and financial distress

stocks.

Also, Tetlock (2007) researches the role of media in the stock market and

finds that high media pessimism predicts downward pressures on market

prices, which are followed by a reversion to fundamentals. Secondly, specif-

ically high or low values of media pessimism forecast high market trading

volume. Thirdly, low market returns lead to high media pessimism.

The more recent work of Garcia (2013) studies the effect of sentiment on

asset prices during a sample period from 1905 to 2005. In this research, fi-

nancial columns from the New York Times and the Wall Street Journal have

been collected and their contents are used to analyze the fraction of posi-

tive and negative words to proxy for media sentiment. The most important

result is that media sentiment predicts stock returns. Particularly, Garcia

finds that an increasing ratio of positive words in media content generates

higher returns, and an increasing ratio of negative words in media content

generates lower returns. Furthermore, he finds that the predictive effect of

sentiment is highest during recessions. Another finding is that asset prices

have a feedback effect on media sentiment, which means that the asset prices

can predict whether the sentiment will be positive or negative. Furthermore,

media content varies more within than across business cycles. The media

sentiment predictive effect appears to be higher on Mondays and after holi-

days, and particularly high ratios of positive or negative words in the columns

make trading volumes peak. Finally, no predictability is found in the intra-

day returns after the opening of the stock market.
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F. Hypotheses

This research is based on that of Garcia (2013), in which his work is partly

replicated and largely extended. Replication takes place by researching the

predictive effect of media sentiment on asset prices among a similar sample

and a similar period. However, his research is extended by not only test-

ing whether positive and negative words in general have a predictive effect,

but also whether the PANAS-X affect scales have a predictive effect on asset

prices. Furthermore, Garcia’s original sample period is extended and covers

the period from 1890 to 2015.

Firstly, it is examined whether media emotions, which comprise both pos-

itive sentiment, negative sentiment and the PANAS-X affect scales, predict

asset prices. This hypothesis is tested using three sub-hypotheses. In line

with the research of Garcia (2013), it is expected that a higher percentage of

positive words in a column generates higher returns, while a higher percent-

age of negative words generates lower returns. Therefore, the assumption is

made that the basic positive emotion scales in the PANAS-X as constructed

by Watson and Clark (1999) will generate similar higher returns, while the

opposite holds for the basic negative emotion scales. Furthermore, as Garcia

finds that the predictive effect of media sentiment is higher during reces-

sions than in expansions, the same is expected for the media emotions tested

in this research. Lastly, as Garcia finds, it is expected that the predictive

effect is highest on days after the last closing day of the market. This finding

is supported by the notion that newspapers have significantly higher circu-

lation during the weekends and holidays, since investors have more time to

read them (DellaVigna and Pollet, 2009). The first hypothesis and its sub-

hypotheses are summarized as follows:

Hypothesis 1: Media emotions predict asset prices.

Hypothesis 1.1: An increasing ratio of positive (negative) emotions in media

content generates higher (lower) returns.

Hypothesis 1.2: The predictive effect of media emotions is higher during re-

cessions than in expansions.
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Hypothesis 1.3: The predictive effect of media emotions is higher for Mon-

days and post-holiday days than for other days of the week.

To test the robustness of the results, an additional hypothesis is formed

to research whether the effect of emotions on the DJIA is different between

the New York Times sample and that of the Wall Street Journal:

Hypothesis 2: The degree to which media emotions predict asset prices does

not vary between New York Times and Wall Street Journal columns.

Furthermore, Garcia (2013) finds that asset prices have a feedback effect

on media content and sentiment. This feedback effect shows to be similar

during expansions and recessions. Therefore, it is expected in this research

that the feedback effect on media emotions does not vary between expansions

and recessions. The third hypothesis and its sub-hypothesis are summarized

as follows:

Hypothesis 3: Asset prices have a feedback effect on media emotions.

Hypothesis 3.1: The feedback effect of asset prices does not vary between

expansions and recessions.

III. Data and methodology

A. Data

Following Garcia (2013), three sources of data are used in order to repli-

cate and extend existing research. These sources consist of stock return infor-

mation, business cycle information and a number of media emotion indices.

Firstly, the stock returns of the Dow Jones Industrial Average (DJIA) are

collected from MeasuringWorth (Williamson, 2016), a website that makes his-

torical data on economic aggregates available to the public. The DJIA was

composed of twelve securities during the start of the sample period in 1890,

which increased to twenty in 1916 and reached the amount of thirty in 1928,

from which point it has been stable up to this moment. Its composition, how-

ever, has changed over the years (Garcia, 2013). Furthermore, Rt denotes the
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log return on the DJIA index on date t.

Secondly, business cycle information is obtained from the National Bu-

reau of Economic Research (NBER) website, a leading economic research or-

ganization dedicated to conducting economic research. One of its areas of

research comprises the examination of business cycles, where it considers re-

cessions to start at the peak of a business cycle and end at the trough, causing

expansions to logically start at the trough and end at the peak. 1

Thirdly, the media content analysis is performed using data from the New

York Times and the Wall Street Journal article archive. This data has been

retrieved from three databases, namely LexisNexis, Factiva and ProQuest.

In order to replicate Garcia (2013), the data sample between the period of

1905-2005 comprises a number of identical columns that generate a consis-

tent dataset covering financial news on a daily basis. From the archive of the

New York Times, these concern the columns "Financial Markets" and "Topics

in Wall Street". The "Topics in Wall Street" column has been published un-

der several different names during the sample period (namely "Market Place"

and "Sidelights"). From the Wall Street Journal, the column "Abreast of the

Market" was used.

The extension to the sample of Garcia (2013), for the period of 2006-2015,

comprises the "Abreast of the Market" column from the Wall Street Journal.

From the New York Times, the column "Stocks and Bonds" and the blogs

"Dealbook" and "Economix" were used. In addition, this research extends

that of Garcia with a collection of columns for the period between of 1890-

1904. From the New York Times, this includes articles from the "Financial

Markets" and "Topics in Wall Street" columns. From the Wall Street Journal,

articles from "Comment on the Market", "Early Morning Matter" and "The

Monetary Situation" were collected. These columns contain, similar to those

used by Garcia, a consistent set of articles that have been published on a

daily basis between 1890 and 1904.

In total, the complete data sample covers a period of 126 years (from 1890

to 2015) and includes 85,570 data files. Figure 1 presents a sample of "Topics

1See http://www.measuringworth.org/DJA/ for the data from Williamson (2016). See
http://www.nber.org/cycles.html for the data from NBER.
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in Wall Street" and "Abreast of the Market", respectively, of which the major-

ity of the total data sample is composed. In total, 57,520 articles are from the

New York Times, whereas 28,050 are from the Wall Street Journal. Table II

in the Appendix gives an overview of the columns used in the sample.

Data collection from each of the aforementioned databases results in down-

loaded PDF files. For most of the articles in the data sample, these PDF files

concern images, photocopied from a physical newspaper. To construct the

media emotion scales, it is necessary to transform the scanned images into

readable documents and subsequently export them into plain text files. This

is done using "Optimal Character Recognition" (OCR). Specifically, the same

methods are used as Garcia (2013) has by making use of ABBYY FineReader,2

which is considered as the leading software package in OCR processing. Not

all text is perfectly recognized by the OCR software due to limited quality of

the original scanned image, causing typographical errors in the data sample.

This adds random noise to the media emotion scales and therefore does not

bias the conclusions of this research.

Following Garcia (2013), the amount of positive and negative words is

derived from each column using the categorization dictionary of Loughran

and McDonald (2011). This dictionary contains a total of 2,355 negative and

354 positive words that take into account the nuances of finance jargon and

thus yields particular merits for processing articles on financial events.

In addition to the aforementioned general dimension scales of negative

and positive affect, Watson and Clark (1999) are followed to construct eleven

more specific emotion indices. Specifically, the PANAS-X scales as elaborated

on in Section II.D.3 are used and emotion indices of the three basic posi-

tive emotion scales (joviality, self-assurance and attentiveness), the four basic

negative emotion scales (fear, hostility, guilt and sadness) and the four other

affective states (shyness, fatigue, serenity and surprise) are constructed. For

each defined term belonging to each emotion, synonyms have been gener-

ated using Thesaurus.3 Subsequently, each word has been examined thor-

2See https://www.abbyy.com/en-eu/finereader/ for more information about ABBYY
FineReader

3See https://http://www.thesaurus.com/ for more information about Thesaurus
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oughly on its unambiguous meaning and suitability in a financial context,

after which all of its conjugations have been added to their specific emotion

index.

Analysis of the articles was done using MAXQDA.4 After the sample of

columns and the aforementioned emotion indices have been imported into it,

this program is able to scan each of the text files and give an output that

summarizes the total amount of words and the amount of words belonging to

each emotion index for every individual column in the sample.

Tables III, IV, V and VI in the Appendix present the sample statistics for

each of the emotion scales used in this research. The sample ranges from

1890 to 2015 and includes a total of 34,458 trading days, for which 32,438

trading days include at least one financial news column. This leaves a total

of of 2,020 trading days for which no column has been found. The largest

part of missing articles falls in the period between 1890 and 1904, due to a

relatively lower consistency in financial columns that were published on a

daily base in these years.

Table III summarizes the Loughran and McDonald (2011) emotion scales

and Panel A indicates that, over the entire period, an average amount of

positive and negative words is present in each article that equals 0.98% and

1.87%, respectively. The standard deviation for the positive emotion scale is

0.45% and equals 0.86% for the negative variant. Subsequently, the mean of

the pessimism scale equals that of the negative minus the positive emotion

scale and results in 0.88%, with a standard deviation of 0.86%. Breaking

down the sample into business cycles, Panels B and C subdivide the data

sample into recessions and expansions, respectively. As can be concluded

from these statistics, the average amount of positive words decreases slightly

during recessions, and increases during expansions (0.96% versus 0.99%).

The average amount of negative words shows to be somewhat lower during

recessions than in expansionary periods (1.77% versus 1.90%).

Table IV shows the average amount of words per article as a fraction of

the total amount of words for the emotions of joviality, self-assurance and

4See http://www.maxqda.com/ for more information about MAXQDA
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attentiveness, which are 0.039%, 0.090% and 0.009%, respectively. Further-

more, the average fraction of words indicating the emotions of self-assurance

and attentiveness shows to be higher for expansions (0.094% > 0.078% and

0.009% > 0.008%), while

With regard to the PANAS-X negative emotion scales, Table V shows that

the emotions of fear, hostility, guilt and sadness represent an average frac-

tion per article of 0.124%, 0.013% and 0.010% and 0.026% respectively. Fur-

thermore, Panels B and C show that the emotions of fear, hostility and guilt

occur relatively more often during expansionary periods (0.129% > 0.111%,

0.0.013% > 0.012% and 0.010% > 0.009%), while sadness occurs more often

during recessions (0.035% > 0.023%).

Table VI shows that the PANAS-X other affective state scales of shyness,

fatigue, serenity and surprise represent 0.001%, 0.006%, 0.005% and 0.019%,

respectively. Panels B and C show that the emotions of shyness and serenity

occur more often during recessions than during expansions (0.006% > 0.001%

and 0.006% > 0.004%). Furthermore, the fraction of words representing the

emotion of fatigue occurs more often during expansions (0.007% > 0.005%)

while the emotion of surprise does not seem to change between recessions

and expansions.

In summary, one can conclude that the mean score for the amount of

words that represent each PANAS-X emotion in an article is considerably

lower than that for the aforementioned general emotion scales as constructed

by Loughran and McDonald (2011). This is a logical consequence, since each

of the constructed PANAS-X scales comprises less words than the Loughran

and McDonald dictionaries.

B. Methodology

The emotion scales are constructed by dating them to day t, on which an

article was written, keeping in mind that they are published in the morning

of day t+1. The rationale behind this is that information in an article belongs

to date t. This supports the essence of this research, which tries to combine

all the collected news written and printed before the market opened, and then
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examines whether the content can predict the following day’s stock returns.

Furthermore, wit denotes the total number of words in an article.

To define the emotion scales, the notion of consecutive and non-consecutive

trading days has to be taken into account, which is in line with the work of

Garcia (2013). For consecutive trading days when the market is open on both

day t and t+ 1, the general dimension scales of the emotions examined in

this research are postulated as χt = ∑
i xit/

∑
i wit, with χ representing the

amount of words that belongs to a specific emotion as a percentage of the to-

tal amount of words in each article. Furthermore, it is assumed that columns

published during non-consecutive trading days contain information belong-

ing to the last trading day. For this reason, a differentiation between con-

secutive and non-consecutive trading days has to be made. The specification

for non-consecutive trading days is postulated as χt = ∑s=t+h
i,s=t xis/

∑s=t+h
i,s=t wsh.

Here, h denotes the number of days the market has been closed before that

specific non-consecutive market day. For each of the additional emotion scales

as constructed by Watson and Clark (1999), the same approach has been

used.

According to Garcia (2013) and Tetlock (2007), it is unclear to what ex-

tent emotion scales may lag stock returns. Therefore, the emotion variables

contain lagged coefficients to indicate whether the shock to stock returns

caused by media content is permanent or temporary. Furthermore, the emo-

tion scales are always normalized so they have zero mean and unit variance,

which allows for the interpretation of the regression coefficients in terms of

one standard deviation shocks to the emotion scales. This simplifies the in-

terpretation of the economic magnitude of the results. Also, White (1980)

heteroskedasticity-robust standard errors are reported in each specification.

B.1. Stock returns during expansions and recessions

To determine stock returns, the following model is estimated:

Rt = (1−Dt)γ1Ls(Rt)+Dtγ2Ls(Rt)+ηX t +εt, (1)

The dependent variable Rt is the log-return on the DJIA from 1890 to
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2015. Ls denotes a lag operator with s = 5. The variable Dt is a dummy vari-

able that has the value 1 if date t is during a recession and 0 when it belongs

to an expansion. Furthermore, the vector X t concerns a set of exogenous

variables, including a constant term, ’day-of-the-week’ dummy and a dummy

variable for whether date t is during a recession or an expansion. Also, εt is

a zero-mean error term with possibly time-varying volatility.

Table VII in the Appendix gives summary statistics on the DJIA returns.

Panel A shows that, on average, the mean return on the DJIA during the

total sample period of 1890 to 2015 was 1.7 basis points per day. During

expansions, comprising 25,463 days out of the total 34,458 trading days in

the sample, the average return was 4 basis points. With regard to recession-

ary periods, comprising 8,995 days, the average DJIA return was –4.6 basis

points. Furthermore, the daily volatility of stock returns during recessions

is considerably higher than that during expansions, with 140 compared to 94

basis points. Panel B presents the estimates of a parsimonious time-series

model, which is specified in 1. The last three rows in this panel suggest that

there is a Monday effect in the sample. Specifically, the returns on Mondays

are, on average, 11 to 15 basis points lower than during the other days of the

week.

Some parts of the analysis include a GARCH(1,1) model that is fitted to

the returns of the DJIA to account for time-varying volatility in the sample.

Specifically, a model will be estimated with a constant mean, Rt = µ+εt, and

time-varying volatility σ2
t+1 = ω+α1ε

2
t +β1σ

2
t , where σ2

t ≡ var(εt). The esti-

mated coefficients for the variance equation are given in Panel C of Table

VII.

B.2. Stock returns and emotion scales

To study the relationship between stock returns on the DJIA and the con-

structed emotion scales, the same models have been used as constructed by

Garcia (2013). The basic model to test this relationship is as follows:

Rt =βLs(Mt)+γLs(Rt)+ψ(R2
t )+ηX t +εt. (2)
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Here, Mt denotes one of the emotion scales. The coefficient β presents the

point estimates for each of the emotion scales. A formal F-test is conducted

to examine whether the parameters of the one period lagged emotion scale

variables are statistically significant from zero. Furthermore, it is tested

whether the sum of the lagged variables’ coefficients from period two to five

is different from zero.

B.3. Stock returns and emotion scales along the business cycle

To differentiate the effect of news content on stock returns along the busi-

ness cycle, the following model is tested:

Rt =(1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))

+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2
t ))+ηX t +εt.

(3)

In this model, the coefficients β1 and β2 measure the effect of media con-

tent on stock returns during expansions and recessions, respectively. An F-

test is conducted in order to examine whether the effects of media content

on stock returns is different during expansions than during recessions. This

is firstly done by testing whether the parameters of the one period lagged

emotion scales significantly differ between expansions and recessions, and

secondly by testing whether the sum of the lagged variables’ coefficients from

period two to five are different from zero for both expansions and recessions.

B.4. Stock returns on Mondays and post-holiday days

To test whether the effect of the emotion scales on stock returns is stronger

on Mondays and post-holiday days compared to that of days during the week,

the following specification is defined:

Rt =(1− I t)[(1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1(R2
t ))+Dt(β3Ls(Mt)

+γ3Ls(Rt)+ψ3(R2
t ))]+ (1− I t)[(1−Dt)(β2Ls(Mt)+γ2Ls(Rt)

+ψ2(R2
t ))+Dt(β4Ls(Mt)+γ4Ls(Rt)+ψ4(R2

t ))]+ηX t +εt.

(4)
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Here, an indicator variable I t is defined that takes the value one if and

only if the previous day is not a trading day (i.e., Mondays or post-holiday

days). Furthermore, the coefficients β1 and β2 measure the effect of media

content on stock returns for Mondays/ post-holiday days and back-to-back

weekdays during expansions, respectively. Conversely, β3 and β4 measure

the effect of media content on stock returns for Mondays/ post-holiday days

and back-to-back weekdays during recessions, respectively. To check whether

the difference between the coefficients is significantly different from zero, an

F-test is conducted.

B.5. Robustness checks

For the emotion scales that have shown the most reliable correlations

with the daily DJIA returns, the results from Equation 3 are further tested

on their reliability. This is done by re-running the specification in three dif-

ferent ways. Firstly, the log returns are substituted with a normalization of

the log returns through the GARCH(1,1) time-varying volatility model. Here,

the estimated daily volatility from the model is constructed with σt, which

leads to a normalization of the returns of the DJIA, specified as Rt/σt. The

normalization constructs a time-series of stock returns with its volatility nor-

malized to unity. Secondly, the emotion scales are orthogonalized, in which

they represent the residual from specification 3. This is done in order to strip

the emotion scales metrics off any linear relationship with returns. Thirdly, a

robust regression based on the M-estimator of Huber (1981) is used in order

to deal with outliers.

Another robustness check is performed to investigate whether the effect

of the emotion scales in media content is similar across the columns belonging

to the New York Times and those from the Wall Street Journal. In order to

test this, specification 3 is re-run on the two subsamples.

B.6. Information versus sentiment

In his research, Garcia (2013) posits the idea that the information that

is present in media content may actually be novel instead of reflecting a

25



summary of what happened earlier in financial markets, which would mean

that the constructed emotion scales rather contain new information instead

of measuring sentiment. Therefore, the possibility that not sentiment but

actual new information could drive the results is tested. To analyze this, the

hypothesis whether stock returns have an effect on media sentiment is tested

with the following model:

Mt =(1−Dt)(λ1Rt +β1Ls(Rt)+γ1Ls(Mt))

+Dt(λ2Rt +β2Ls(Rt)+γ2Ls(Mt))+ηX t +υt.
(5)

To test this model, both the log returns and normalized log returns using

the GARCH(1,1) model are used. Furthermore, a formal F-test is conducted

to check whether the parameters of the one period lagged emotion scale vari-

ables are statistically different from zero.

IV. Results

A. Feedback from emotion scales to the DJIA

Table VIII in the Appendix presents the results for the specification given

in Equation 2 and tests the predictive effect of the Loughran and McDonald

emotion scales on the DJIA. In general, the amount of positive and negative

words as a fraction of the total amount of words in a column can help pre-

dict the stock returns of the following day. Specifically, it is shown that a

one standard deviation shock to the positive, negative and pessimism met-

rics moves the conditional average return on the following day’s DJIA by 6.9,

–2.4 and –4.6 basis points, respectively. Furthermore, the coefficients of the

lagged emotion scales from t−2 to t−5 indicate whether this initial shock to

stock returns caused by the media content is permanent or temporary. For

the positive emotion scale, the effect is temporary, since the lags for t−2 to

t−5 are all negative. For the negative and pessimism emotion scales a sim-

ilar reversal can be observed, for which the effect shows from t−4 and t−3,

respectively. Panel B formally conducts a test whether the sum of the afore-

26



mentioned coefficients t−2 to t−5 is different from zero. These show to be

significantly different from zero for the positive and pessimism scale, provid-

ing more support for the notion that the effect is temporary. However, the

statistical power is not as high as the test on some of the single coefficients.

Tables IX, X and XI re-run the same specification given in Equation 2

and similarly test the degree to which each of the emotion scales belonging

to the PANAS-X can individually predict the following day’s returns on the

DJIA. Two out of the three positive emotion scales in Table IX, namely self-

assurance and attentiveness, show an expected positive loading with regard

to their effect on stock returns. Surprisingly, the emotion of joviality seems to

negatively but not significantly predict the DJIA. While the results indicate

that none of the three scales affects the DJIA with statistical significance, it

is worth mentioning that the emotion of self-assurance shows to be the most

consistent with regard to predictability (t=1.7).

Out of the four PANAS-X negative emotion scales in Table X, two show

loadings on t−1 that are not in line with the hypotheses. Specifically, hostility

and guilt seem to positively correlate with the next day’s returns. However,

their t-values show no statistical significance. Although not statistically sig-

nificant either, the emotions of fear and sadness do show results for which

their loadings on t−1 are as expected and for which their statistical signifi-

cance shows to be considerably higher than that for the other two emotions

(with t=–1.7 and t=–1.9, respectively).

For the PANAS-X other affective state scales as summarized in Table XI,

the loadings of their effect on the DJIA on beforehand was unclear since these

emotions do not necessarily represent positive or negative affect. As can be

concluded, shyness, fatigue and surprise are inadequate predictors of returns

since all three emotions have statistically insignificant t-values. Serenity, on

the other hand, seems to positively correlate with the next day’s DJIA, with

a positive t-value of 2.7. The formal F-test in Panel B furthermore supports

the notion that the predictive effect of the serenity emotion scale is different

from zero (p=0.007).

Although the results are not presented, it should be noted that a multiple

regression analysis has been performed in which Equation 2 is re-run on all
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PANAS-X scales. By adding all emotions in one model and controlling for the

possible influence that other media emotions can have, the predictive effect

of each scale is tested. This, however, does not result in any significant other

results than those found earlier in this section.

B. Feedback from emotion scales to the DJIA along the business cycle

Table XII presents the results for the specification given in Equation 3

and tests the predictive effect of the Loughran and McDonald emotion scales

on the DJIA along the business cycle. In Panel A, the coefficient estimates of

β1 are summarized, which describe the effect that media emotions have on

stock returns during expansions. The results show that the positive and pes-

simism emotion scales show predictability with statistical significance (t=3.4

and t=–3.1, respectively) with regard to their effect on stock returns. Here, a

one standard deviation change leads to a positively correlated change in the

DJIA of 5.4 basis points for the positive emotion scale, while the pessimism

emotion scale shows a negative correlation of –2.7 basis points. Negative

affect does not show any statistically significant predictability.

Panel B summarizes the coefficient estimates of β2, describing the effect

of media emotions on stock returns during recessions. The results show that,

again, the positive and pessimism emotion scales show a predictive effect on

stock returns that is statistically significant (t=2.5 and t=–3.2, respectively).

A one standard deviation of the positive scale leads to a positively correlated

change in the DJIA of 9.5 basis points, whereas the pessimism scale is neg-

atively correlated with the DJIA, resulting in a negative change on stock

returns of –8.5 basis points. Again, negative affect does not have statistically

significant predictive power.

When comparing the effect of the emotion scales between Panel A and B,

it can be concluded that their impact is more consequential during recessions

than during expansions. The correlation almost doubles for the positive emo-

tion scale and more or less triples for the negative and pessimism variables.

The results showing that the magnitude of the effect is larger during reces-

sions are in line with earlier findings of Tetlock (2007) and Garcia (2013).
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However, the formal F-tests in Panel C support the notion that the effect

between expansions and recessions is significantly different only for the pes-

simism scale (p=0.040).

The second and third rows in Panel C conduct formal F-tests to research

whether the initial shock to the DJIA returns is of temporary or permanent

nature for both expansions and recessions. As can be concluded, only the

pessimism variable shows a statistically significant reversal between t−2 and

t−5 that is present during expansions (p=0.010). This effect is not present

during recessions and therefore the null hypothesis that there is no reversal

cannot be rejected. This indicates that for recessionary periods, the initial

effect of pessimism in media content is of permanent nature.

Tables XIII, XIV and XV re-run the same specification given in Equation

3 and similarly test the degree to which each of the emotion scales belonging

to the PANAS-X can individually predict the following day’s returns on the

DJIA along the business cycle. Table XIII shows that the joviality scale is

negatively and statistically insignificantly correlated with stock returns for

both expansions and recessions. This is in line with the results from Table

IX. Attentiveness shows to be positively correlated with stock returns during

expansions but has a negative correlation with the DJIA during recessions.

For both business cycles, the results are insignificant. Self-assurance shows

to be positively correlated with stock returns during both expansions and

recessions. Although the results are not significant for any of the business

cycles, it can be observed that the effects of this emotion are more consequen-

tial during expansions than during recessions, with a one standard deviation

shock resulting in an 11 basis points increase during expansions compared to

an 8.9 basis points increase during recessions.

Table XIV summarizes the PANAS-X negative emotion scales and shows

that, in line with the findings in Table X, the emotions of hostility and guilt

have statistically insignificant predictive power on stock returns. The emo-

tions of fear and sadness show a relatively higher level of significance and

negative correlations with the DJIA returns for both expansionary and re-

cessionary periods. As can be observed, both emotions show a higher level

of significance during expansions than in recessions. A one standard devia-
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tion shock to fear decreases the subsequent stock returns by –9.3 basis points

(t=–1.8) during expansions, while it decreases them by only –5.1 basis points

during recessions (t=–0.3), making the effect more consequential during ex-

pansions than in recessions. A one standard deviation shock to the sadness

metric results in a decrease in stock returns by –25.9 basis points during

expansions (t=–1.5), while it decreases them by –36 basis points during re-

cessions (t=–1.1), which shows that the effects of this emotion are more conse-

quential during recessions. Furthermore, Panel C shows that for the emotion

of sadness, its initial effect is temporary during expansions (p=0.026).

The results for the PANAS-X other affective state scales are summarized

in Table XV and show that, similar to the earlier findings as summarized

in Table XI, the emotions of shyness, fatigue and surprise do not show any

statistically significant correlations with stock returns. Serenity shows to

be positively correlated with the DJIA returns, but only significantly during

expansions (with t=2.1 during expansions versus t=1.7 during recessions).

Here, a one standard deviation shock to the serenity metric increases the

following day’s stock returns by 84.1 basis points, on average. On the other

hand, the results from the first column of Panel C do not confirm the notion

that the predictive effect of the emotion of serenity significantly differs be-

tween expansions and recessions. Furthermore, each of the four emotions

tested shows to have more predictive power during expansions than during

recessions, as their t-values are all higher for this business cycle. Also, the

results do not show any significant reversal of effects that emotions have on

stock returns after day t−1.

Similar to the previous section, a multiple regression analysis has been

performed in which Equation 3 is re-run on all PANAS-X scales. However,

controlling for the possible influence of other media emotions, the results do

not yield any significant results that differ from those found earlier in this

section.
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C. Feedback from emotion scales to the DJIA on Mondays and post-
holiday days

Subsequently, the sample is divided based on whether the previous day

was a trading day or not. This way, it is examined whether media emotions

have a different effect on stock returns on Mondays and post-holiday days

compared to other days of the week. Tables XVI and XVII present the re-

sults for the specification given in Equation 4 and test the predictive effect

of the emotion scales that have shown the most significant and consistent

correlations with the DJIA in Sections IV.A and IV.B.

Table XVI summarizes the results for the Loughran and McDonald emo-

tion scales. It can be observed that positive affect shows a somewhat higher

correlation with the DJIA on Mondays and post-holiday days during reces-

sions. However, this effect is not significant, both looking at its t-value and

the F-test that cannot reject the null hypothesis that coefficients β31 and β41

are equal. Also, only the back-to-back weekdays show a significant correla-

tion with stock returns for positive affect. The negative emotion scale does

not show any significant support for a Monday or holiday effect either. The

pessimism emotion scale shows a statistically significant predictive effect for

Mondays and post-holiday days, which is only present during recessions (t=–

2.5). Specifically, during recessions, a one standard deviation shock to the

pessimism factor results in a decline on the DJIA of -10.4 basis points, com-

pared to –8.7 basis points during regular weekdays. However, when looking

at the formal F-tests to see whether this effect is different for recessions than

during expansions or whether it differs from normal weekdays during reces-

sions, no significant results are found. Therefore, only limited support is

offered for the notion that the pessimism emotion scale shows a Monday or

holiday effect, which is present only during recessions.

Table XVII summarizes the feedback effect of the self-assurance, fear,

sadness and serenity emotion scales. As can be observed, only the emotion

of sadness shows a significant Monday/ holiday effect when looking at the

leading coefficients of β. Here, the effects are significant for both Mondays/

holidays during expansions and recessions (with t=–2.3 and t=–2.1, respec-
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tively). This effect shows to be more consequential during recessions than in

expansionary periods, with a one standard deviation change to the sadness

scale changing the DJIA by –96.4 basis points in recessions, compared to

–87.3 basis points during expansions. However, the F-tests show that this ef-

fect is not significantly different from that during normal weekdays, offering

only limited support.

The coefficients of β for the emotion of serenity seem to show an opposite

effect; the correlation with the DJIA for normal weekdays is statistically sig-

nificant and seems to be stronger than that during Mondays or post-holiday

days, which shows for both expansions and recessions (with t=2.4 and t=3.0,

respectively. This effect seems to be more consequential during recessions

than in expansions, with a one standard deviation change of the serenity

metric increasing the DJIA by 203 basis points, while only increasing it by

103 basis points during expansions. Again, the F-tests do not support for the

findings in the first four rows of the table.

D. Robustness checks

D.1. Volatility adjustments, orthogonal emotion scales and robust
regressions

Tables XVIII and XIX present a number of robustness checks with the

aim to enforce previous results that have been found in Sections IV.A and

IV.B for the Loughran and McDonald emotion scales and the PANAS-X emo-

tion scales that have shown to have the highest levels of significance and

consistence. As the analyses performed in earlier sections do not take time-

varying volatility into account, a GARCH(1,1) model is used, for which the

estimates of the terms are summarized in table VII. Robustness of earlier re-

sults is furthermore tested with orthogonalized emotion scales and a robust

regression.

Panel A in Table XVIII presents the results from Equation 3 using the

unit-variance DJIA index returns for the Loughran and McDonald emotion

scales. The results indicate that the positive emotion scale positively and sig-

nificantly predicts stock returns, but only during expansions. Also, the pes-
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simism variable negatively and significantly influences stock returns, both

during expansions as well as during recessions. The formal F-tests do not

show a significant difference of effects between expansions and recessions for

any of the three emotion scales. Panel B subsequently controls for autocorre-

lation and presents the results when the emotion scales are stripped off any

possible day-of-the-week effects, linear relationships with returns and lags

with orthogonal emotion scales. As can be concluded, each of the emotion

scales has a more consequential effect on the DJIA returns during recession-

ary periods than during expansions. This is in line with earlier findings in

Table XII. However, the F-tests do not support the notion that the effects sig-

nificantly differ among both business cycles. Furthermore, the estimation in

Panel C presents the results using a robust linear regression based on the

M-estimator of Huber (1981), which allows for investigation whether outliers

could be driving earlier results. Again, it can be observed that each emotion

scale correlates to a higher degree with the DJIA during recessions when

compared to expansions. For this reason, it can be concluded that the re-

sults are not driven by outliers. Similar to the results in Panel B, the formal

F-tests in Panel C do not report a significant difference between the effects

during expansions and recessions.

Table XIX presents the results of the robustness tests for the PANAS-X

emotion scales of self-assurance, fear, sadness and serenity, respectively. In

line with earlier results, the emotion scale of self-assurance for each of the

panels shows to positively correlate with the DJIA returns. The emotion of

fear shows to unexpectedly correlate positively with stock returns during re-

cessions for each of the panels. For this reason, the robustness of earlier

results in which fear negatively correlates with the DJIA returns during re-

cessions can be questioned. Sadness keeps its negative correlation with the

DJIA returns in all three panels and does so with statistical significance for

the robust regression in Panel C for both expansions and recessions. Fur-

thermore, the emotion of serenity in all three panels positively correlates

with stock returns, which is in line with earlier findings. Also, the formal

F-tests in each panel do not support any evidence for a significant difference

in correlations between expansions and recessions or a reversal of an initial
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effect for any of the emotion scales tested.

D.2. Feedback from emotion scales to the DJIA along the business
cycle - subsamples

To test whether the results found earlier are similar among the two sam-

ple subsets of New York Times and Wall Street Journal columns that were

used for this research, Equation 3 is re-run on both groups. The results are

summarized in Tables XX and XXI, which respectively test the effects for

the Loughran and McDonald emotion scales and the PANAS-X scales for the

emotions of self-assurance, fear, sadness and serenity.

Table XX presents the results for the predictive effect of the Loughran

and McDonald emotion scales on the DJIA along the business cycle and Pan-

els A and B show the effects for the New York Times subsample. As can be

concluded, the positive emotion scale only significantly predicts stock returns

during recessions, while the negative emotion scale does this for expansions

only. The pessimism variable shows statistically significant correlations for

both expansions and recessions and, in line with previous findings, the effects

of the positive and pessimism variable are more consequential during reces-

sions than in expansions. This is not the case for the negative emotion scale.

The positive emotion scale furthermore shows a surprising negative loading

on the DJIA during expansions. However, this effect is not significant.

Panels C and D summarize the effects for the Wall Street Journal subsam-

ple. As can be observed, only the positive emotion scale shows a statistically

significant correlation with the DJIA returns, which is only present during

recessions. The negative emotion scale does not show any significant cor-

relations with stock prices and even shows a surprising positive loading on

stock returns during recessions. Furthermore, the pessimism variable does

not significantly influence the DJIA either and its effect seems to be more

consequential during expansions. One can conclude that the New York Times

subsample gives a better representation of the results found in previous anal-

yses.

Table XXI subsequently presents the results for the predictive effect of the
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PANAS-X emotion scales of self-assurance, fear, sadness and serenity, respec-

tively. Panels A and B summarize the estimates for the New York Times sub-

samples. The positive correlations of self-assurance that were found in Table

XIII seem to partly disappear, since, although not significantly, the loading of

this emotion on the DJIA is negative for expansions. Only the emotion scale

of fear shows a significant negative correlation with the DJIA returns, which

is only present during expansions. Furthermore, sadness and serenity do not

show any significant effects. Also, the loadings on the DJIA of the fear, sad-

ness and serenity emotion scales on both expansions and recessions are all in

line with previous results.

Panels C and D subsequently summarize the effects for the Wall Street

Journal subsample and show that none of the emotion scales can significantly

predict the DJIA returns. It can furthermore be observed that only the emo-

tion scales of self-assurance and serenity show positive loadings on the DJIA

during both expansions and recessions that are in line with previous find-

ings. The fear and sadness scales seem to surprisingly correlate positively

with stock returns during recessions, which is not in line with previous find-

ings.

E. Feedback from stock prices to news content

When news content is affected as a consequence of stock prices, stronger

support is offered for the notion that not new information, but actually sen-

timent is driving content and therefore also the emotions expressed in media

content. Tables XXII and XXIII summarize the results for Equation 5 that

tests the feedback effect from stock prices to news content. Again, it is ob-

served whether the effects differ between expansions and recessions, since a

difference in reporting style would be an indication of media processing infor-

mation asymmetrically during both business cycles. In both tables, Panel B

checks the robustness of the effects found in Panel A through a GARCH(1,1)

model.

Table XXII presents the estimates of the predictive effect that the DJIA

returns have on each of the Loughran and McDonald emotion scales. In line
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with the sentiment hypothesis, all three of the emotion scales are signifi-

cantly predicted by stock returns. Here, positive stock returns increase the

amount of positive and decrease the number of negative words in media con-

tent, which subsequently decreases the pessimism scale. As Table VII sum-

marizes, the daily standard deviation of the DJIA during expansions is 94

basis points during expansions and 140 basis points during recessions. To

illustrate, a one standard deviation increase in stock returns increases the

percentage of positive words in the articles written that day during expan-

sions by 0.1 standard deviations, while it only increases this amount by 0.05

standard deviations during recessions. This suggests that the feedback effect

from stock prices to news content is stronger during expansions than during

recessions. A similar pattern is found for the negative and pessimism emo-

tion scales and the formal F-tests for the effect that the DJIA returns have

on all three emotions can reject the hypothesis that the feedback effect from

stock prices to news content is similar during both business cycles (λ1 = λ2).

However, the results from Panel A should be conditioned by the fact that the

volatility of stock returns is significantly higher during recessions than dur-

ing expansions. Therefore, Panel B summarizes the estimates fitted with a

GARCH(1,1) model, for which the terms are summarized in Table VII to deal

with this time-varying volatility. As the formal F-tests reflect, stock returns

do not show to have a significantly different effect on any of the three emotion

scales during expansions than during recessions. This implies that the effect

of a one standard deviation movement in stock returns on the emotion scales

can be considered to be identical during both business cycles. This is in line

with the findings of Garcia (2013).

Table XXIII subsequently presents the estimates of the DJIA returns’ pre-

dictive effect on the PANAS-X emotion scales of self-assurance, fear, sadness

and serenity, respectively. From Panel A, it can be concluded that stock re-

turns significantly predict the degree to which news content is written with

the emotions of self-assurance, fear and sadness. Stock returns significantly

predict these emotion scales for both expansionary and recessionary peri-

ods. These emotions are all affected in the predicted direction; whereas the

positive emotion scale of self-assurance is positively influenced by returns,
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the negative emotion scales of fear and sadness show a negative correla-

tion. Only the emotion of serenity is not significantly affected by the DJIA

returns. Again, it seems that the degree to which the significantly correlated

emotion scales are affected is higher during expansionary than during re-

cessionary periods. This intuition is supported by the formal F-test for the

emotions of self-assurance and fear, but not for the sadness emotion scale.

The GARCH(1,1) model in Panel B again corrects for time-varying volatility

and the F-test can reject the hypothesis that the feedback effect from stock

returns to the emotion scales is equal along the business cycle for the emo-

tions of fear and sadness. Specifically, the results show that stock prices have

a significantly larger predictive effect on the degree to which news content

contains the emotion of fear during expansions than during recessions (as

λ1=–0.00017 and λ2=–0.00009), while this effect on the emotion scale of sad-

ness is more pronounced during recessions (as λ2=–0.00003 and λ1–0.00001).

V. Conclusion

A. Discussion

The main goal of this research has been to replicate and extend the work

of Garcia (2013). Replication was performed by using a similar sample pe-

riod, dataset and the Loughran and McDonald (2011) dictionary to test the

effect of general positive and negative affect on asset prices. An addition to

Garcia’s original sample period of 25 years and the construction of eleven

specific emotion indices based on the PANAS-X as conceptualized by Watson

and Clark (1999) form the main extension to the work of Garcia (2013).

With regard to the first hypothesis of this research, it can be concluded

that a number of media emotions predict asset prices. In line with the find-

ings of Garcia (2013), it is found that the general positive and negative emo-

tion scales as constructed by Loughran and McDonald (2011) indeed help

predict stock returns. Specifically, a higher fraction of positive words in a

financial column increases the returns on the Dow Jones, while a higher frac-

tion of negative words similarly decreases these returns. The pessimism scale
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shows a negative correlation with stock returns as well. It is furthermore

found that this predictive effect is more consequential during recessions than

during expansions. In addition, it is observed that the initial predictive effect

of news with regard to the positive and pessimism emotion scales partially

reverses over the following trading days between t–2 to t–5, which argues for

a non-informational impact (Garcia, 2013). Lastly, partial evidence is found

that the pessimism scale shows a Monday/ post-holiday effect, which is only

present during recessions.

The findings that support the results of Garcia (2013) and show that

the predictive effect of the Loughran and McDonald emotion scales on as-

set prices is more consequential during recessions than during expansions

offers support for the idea that media content proxies for investor sentiment.

Specifically, if journalists produce informative signals for traders, it is unclear

why the precision of these signals would increase during recessionary peri-

ods. This is because during economic downturns, the press is affected as both

subscriptions and advertising revenues are highly pro-cyclical. It is unlikely

that better coverage of financial markets is accompanied by the inevitable

staff cuts as a result of decreased revenues.

From the PANAS-X emotion scales, only the emotion of serenity signif-

icantly and positively predicts the following day’s stock returns. It is fur-

thermore found that, for most of the positive and negative emotion scales,

the loadings of their correlations are in line with the hypothesized direc-

tion. Specifically, from the three positive emotion scales, the emotions of self-

assurance and attentiveness show positive correlations with stock returns,

whereas from the four negative emotion scales, the emotions of fear and sad-

ness show a negative correlation.

The PANAS-X emotion scales’ predictive effect on the DJIA is not particu-

larly more consequential during recessions than during expansions. Looking

at the emotion scales that have shown the most significant and consistent

results, namely that of self-assurance, fear, sadness and serenity, it can be

concluded that each shows a more significant correlation during expansion-

ary periods when compared to recessions while the strength of correlations

differ. This implies that the effect for these emotions is not necessarily more
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pronounced during a specific business cycle, but has more explanatory power

during expansions.

From the PANAS-X emotion scales of self-assurance, fear, sadness and

serenity, limited support is found that the emotion of sadness shows a signif-

icant Monday/ post-holiday effect during both business cycles, which is more

consequential during recessions than in expansions. Furthermore, no strong

evidence for emotions having a stronger predictive effect on stock returns on

such days is found.

The fact that both the Loughran and McDonald and, apart from that of

sadness, all PANAS-X emotion scales show no significant difference between

the returns on Mondays and post-holiday days, can be observed as a robust-

ness check. As new information may have been included in financial columns

by journalists while the markets were closed, it could be the case that the

data in this research contains such information. Confirming that the predic-

tive effect of media emotions on asset prices for practically all emotions tested

does not differ between Mondays/ post-holiday days and back-to-back week-

days therefore offers more support for a reaction based on sentiment instead

of new information.

Whereas the emotion scales of general positive and negative affect as con-

structed by Loughran and McDonald (2011) help predict stock returns, only

little evidence is found that the emotion scales based on the PANAS-X as de-

fined by Watson and Clark (1999) do so as well. This evokes a number of

questions relating to both the quality of the constructed word lists of each

PANAS-X emotion and the actual ability for each of the emotions to predict

asset prices. With regard to the quality of the emotion lists, one could ques-

tion whether these emotion lists as constructed are complete and contain no

words for which their meaning could be ambiguous or even completely dif-

ferent in certain settings. On the other hand, it could also be the case that

certain words are missing and, if included, could have led to a higher level of

predictability. Although for each defined term comprising a PANAS-X emo-

tion a thorough examination based on unambiguousness and suitability in a

financial context has been performed, the subjectivity of this method cannot

exclude the possibility for incomplete or incorrect words.
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The second question referring to each of the PANAS-X emotion’s potential

to predict asset prices concerns whether these emotions are actually relevant

in financial contexts. More specifically, one could question how relevant an

emotion of, say, attentiveness, guilt or shyness is to test its effect on asset

prices and therefore to what degree investors are actually influenced when

these emotions occur relatively more often in financial columns.

As discussed, the emotions of self-assurance, fear, sadness and serenity

have shown the most significant and consistent results throughout this re-

search. The Oxford English Dictionary defines the emotion of self-assurance

as the "feeling of security as to oneself" and "self-confidence" and the emotion

of serenity as "cheerful tranquility". With regard to self-assurance, it was

clear on beforehand that this emotion would logically have a positive effect

on stock returns. This research shows that, to a certain degree, the presence

of the emotion of serenity in media content has a positive positive effect on

investors as well. The fact these emotions show relatively consistent positive

correlations with stock returns therefore offers support for the idea that they

are associated with a higher level of risk tolerance.

On the other hand, fear is defined as "the emotion of pain or uneasiness

caused by the sense of impending danger, or by the prospect of some possible

evil", while sadness is defined as "gravity of mind or demeanor". As these

emotions are negatively correlated with the DJIA returns, the results suggest

that investors are influenced by these emotions in media content and could

subsequently withdraw their investments in financial markets (Simpson and

Weiner, 1989).

With regard to the second main hypothesis of this research, the results

provide additional insights. For the Loughran and McDonald emotion scales,

the New York Times subsample shows significant results for the positive and

negative emotion scales during recessions only and for the pessimism scale

during both expansions and recessions. The Wall Street Journal only shows

one significant correlation, which is for the positive emotion scale during re-

cessions. This suggests that the degree to which the Loughran and McDonald

media emotions predict asset prices is higher for the New York Times subsam-

ple.
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From the PANAS-X emotion scales of self-assurance, fear, sadness and

serenity, the only newspaper that shows a statistically significant correlation

concerns the New York Times where the emotion of fear negatively predicts

stock returns. This is only the case during expansions.

It should be noted that neither of the two subsamples provides a consis-

tent set of results that is in line with earlier findings in this research or the

previous results from works such as that of Tetlock (2007) or Garcia (2013).

Specifically, both newspapers independently fail to consistently show that a

higher ratio of positive (negative) emotions generates higher (lower) stock re-

turns or that there is a higher correlation between stock returns and asset

prices during recessions.

However, the notion that the New York Times shows significant correla-

tions with stock returns for more emotion scales than the Wall Street Journal

subsample leaves space for discussion. Whereas the New York Times pub-

lishes news of all kinds, the Wall Street Journal is a business-focused news-

paper. This could offer arguments for a sentimental story in which asset

prices are rather affected by emotions instead of by new information, espe-

cially in the New York Times. Specifically, as the audience of the Wall Street

Journal primarily concerns investors or at least individuals with an affinity

for financial markets, this group may be less prone to be influenced by media

emotions than the average reader of the New York Times. As the sample in

this research consists for about two thirds of New York Times columns, the

results are primarily driven by this subsample. An interesting direction for

further research would therefore be to examine whether the type of audience

affects the predictive effect of media emotions.

To test the third hypothesis whether asset prices similarly have a predic-

tive effect on the degree to which emotions are present in financial media,

again the Loughran and McDonald and the four PANAS-X emotions of self-

assurance, fear, sadness and serenity have been used. For the Loughran and

McDonald emotion scales, it is found that stock returns are indeed impor-

tant predictors for the fraction with which these emotions occur in financial

columns. Here, positive stock returns increase the fraction of positive words

in news content while they similarly decrease this fraction for negative words,
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which subsequently decreases the pessimism scale. This effect is found to be

significant during expansions as well as in recessions. Furthermore, no sig-

nificant difference in predictive effect is found between both business cycles.

These results are in line with that of Garcia (2013).

With regard to the PANAS-X emotion scales, stock returns significantly

predict the degree to which news content is written for the emotions of self-

assurance, fear and sadness and do so for expansionary as well as reces-

sionary periods. These emotions are all affected in the predicted direction;

whereas the positive emotion scale of self-assurance is positively influenced

by returns, the negative emotion scales of fear and sadness show a negative

correlation. Furthermore, the results show that stock prices have a signifi-

cantly larger predictive effect on the degree to which news content contains

the emotion of fear during expansions than during recessions, while this ef-

fect on the emotion scale of sadness is more pronounced during recessions.

The significant feedback effect that asset prices have on most of the emo-

tion scales tested gives more support for the notion that the results are not

driven by new information, but rather by sentiment that is reflected in the

degree to which authors use emotions in their financial columns. Specifically,

journalists "tag along" to a certain degree, in the sense that their words are

predictable given the previous day’s stock returns. As emotions are predicted

by these returns, more support for the idea that media content is rather

driven by sentiment than possessing new information is offered.

This research adds additional insights to the body of existing literature

and specifically shows that investor sentiment limits market efficiency. Based

on the outcomes of this study, an investment strategy could be constructed.

This strategy consists of analyzing media emotions and taking positions in

the DJIA according to these results, where stocks for which relatively high

levels of positive affect and serenity is present in its news content should be

bought and stocks with similar levels of negative affect and the pessimism

variable should be sold. As the results suggest that general positive affect

and the pessimism variable show a reversal to fundamentals after their ini-

tial predictive effect on stock returns between t−2 and t−5, these positions

have to be altered in a timely manner. This would lead to high transaction
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costs and may therefore result in an unprofitable trading strategy.

However, if the methods of this research are followed, but instead of using

general financial columns, firm-specific news is analyzed, an alternative trad-

ing strategy could be constructed. Specifically, one could analyze the extent

to which specific stocks react to each of the emotion scales that have shown to

significantly predict asset prices and subsequently rank companies on their

reported emotion scores on a continuous basis. Next, taking a long position

in stocks with high levels of positive affect and serenity, while going short on

stocks with high levels of negative affect and the pessimism variable, could

generate an investment strategy that outperforms the market. This method

is based on the research of Zhang and Skiena (2010), in which a trading strat-

egy is constructed to exploit blog and news sentiment by ranking individual

companies on their reported sentiment each day and subsequently going long

on companies with high levels of positive news sentiment, while going short

on similar stocks with high levels of negative sentiment. This strategy yields

consistently favorable returns with low volatility over a long period.

With regard to the results discussed in this section, the general impli-

cation that can be drawn from this research is that financial markets are

affected by investor sentiment, which limits their level of efficiency.

B. Limitations and future research

This research has a number of limitations that generally apply to the

data sample and the constructed emotion indices. With regard to the data

sample, a first possible limitation could be its representativeness. As has

been mentioned in Section V.A, it could be the case that a different audience

reacts differently to media emotions. Secondly, this research does not use

an identical dataset as that of Garcia (2013), as it contains an additional

set of columns from years not used in his research, but also uses different

columns during his sample period. Also, a number of dates in this research’

sample period, especially between the periods of 1890-1904 and 2006-2015, is

not accompanied with financial columns. This could lead to different results.

Thirdly, not all articles in the dataset were downloaded correctly. In rare
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cases, it occurred that opening text files would result in incomplete columns

in which only the title or a few paragraphs were included.

The first limitation with regard to the constructed emotion indices used

in this research is based on the actual completeness and correctness of these

indices. As each index was constructed based on personal intuition, the pos-

sibility for subjectivity cannot be eliminated. Secondly, this basic technique

of qualitative data analysis based on single words may not capture the exact

essence expressed in financial columns. These limitations address the possi-

bility that the emotion scales as tested in this research are incomplete and

do not reflect the full potential of an emotion to predict stock returns.

The aforementioned limitations and the general implications of this re-

search offer a number of directions for future research. To address the limita-

tion with regard to the representativeness of the data sample, an interesting

area for future research would be to investigate the effect of media emotions

on different types of audiences. Here, a valuable addition could be to correct

for factors such as the amount of daily readers or the page number on which

a column was written. Secondly, future research could focus on capturing me-

dia emotions with more advanced techniques of qualitative data analysis, in

which the essence of media content is analyzed more extensively and there-

fore more accurate and more complete emotion indices could be constructed.

Thirdly, while this study does research the difference in the impact of me-

dia emotions along the business cycle, an interesting area for future research

could be to investigate the possible mechanisms that drive different levels of

predictability.
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VI. Appendix

Table I
Item Composition of the PANAS-X Scales

The table reports the PANAS-X basic positive, negative and other affective state emotion
scales. Each emotion scale comprises a number of terms that together show the highest level
of significance, reliability and validity in capturing the emotion (Watson and Clark, 1999).

Basic Positive Emotion Scales

Self-Assurance proud, strong, confident, bold, daring, fearless
Attentiveness alert, attentive, concentrating, determined
Joviality happy, joyful, delighted, cheerful, excited,

enthusiastic, lively, energetic

Basic Negative Emotion Scales

Fear afraid, scared, frightened, nervous, jittery, shaky
Hostility angry, hostile, irritable, scornful, disgusted, loathing
Sadness sad, blue, downhearted, alone, lonely
Guilt guilty, ashamed, blameworthy, angry at self,

disgusted with self, dissatisfied with self

Other Affective States

Shyness shy, bashful, sheepish, timid
Fatigue sleepy, tired, sluggish, drowsy
Serenity calm, relaxed, at ease
Surprise amazed, surprised, astonished
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Figure 1. Sample columns of "Topics in Wall Street" (left), published in the
New York Times on August 14, 1941 and "Abreast of the Market" (right),
published in the Wall Street Journal on December 26, 1996.
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Table II
Overview of Columns in Data Sample

The table reports the different columns used in the data sample and the sample periods in
which they were published. In total, the complete data sample covers the period between 1890
and 2015, equaling 126 years, and includes 85,570 unique data files. The sample consists of
57,520 columns from the New York Times and 28,050 from the Wall Street Journal.

Panel A: New York Times

Sample period Column name

1894 - 1941 The Financial Markets
1904 - 1951 Topics in Wall Street
1950 - 1966 Sidelights
1966 - 2011 Market Place
2006 - 2012 Stocks and Bonds
2011 - 2014 Economix
2011 - 2015 Dealbook

Panel B: Wall Street Journal

Sample period Column name

1890 - 1893 Comment on the Market
1894 - 1898 Early Morning Matter
1901 - 1906 The Monetary Situation
1907 - 1908 Curb Market Notes
1908 - 1926 Broad Street Gossip
1926 - 2015 Abreast of the Market
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Table III
Sample Statistics for the Loughran and McDonald Emotion Scales

during Recessions and Expansions
The table reports sample statistics for the Loughran and McDonald (2011) emotion scales that
are used in this research. These scales are constructed using a sample period ranging from
1890 to 2015, including the columns that are reported in Table II from the New York Times
and the Wall Street Journal. "Positive" and "Negative" emotion scales are constructed by
counting the number of positive and negative words using the Loughran and McDonald (2011)
dictionaries, and normalizing these counts by the total number of words in each article. The
"Pessimism" variable is constructed by subtracting the "Positive" from the "Negative" emotion
scale. All numbers are presented in percentages. Panel A presents the sample statistics for the
entire sample period, comprising 34,458 trading days. In Panels B and C, the sample is broken
down by business cycle. Panel B contains all trading days during recessions, while Panel C
comprises those during expansions. In total, these are 8,995 and 25,463 days, respectively.

Emotion scale Mean Median 25%-qnt. 75%-qnt. Std. dev.

Panel A: All dates

Positive 0.98 0.99 0.74 1.25 0.45
Negative 1.87 1.84 1.38 2.35 0.86
Pessimism 0.88 0.78 0.25 1.38 0.86

Panel B: Recessions

Positive 0.96 0.97 0.71 1.25 0.49
Negative 1.77 1.79 1.33 2.30 0.87
Pessimism 0.81 0.72 0.17 1.30 0.82

Panel C: Expansions

Positive 0.99 0.99 0.75 1.25 0.43
Negative 1.90 1.86 1.40 2.37 0.85
Pessimism 0.91 0.80 0.27 1.40 0.88
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Table IV
Sample Statistics for the PANAS-X Positive Emotion Scales during

Recessions and Expansions
The table reports sample statistics for the PANAS-X positive emotion scales that are used in
this research. These emotion scales are based on Watson et al. (1988) item composition of
the PANAS-X scales. These scales are constructed using a sample period ranging from 1890
to 2015, including the columns that are reported in Table II from the New York Times and
the Wall Street Journal. Each of the emotion scales is constructed by counting the number of
words using a manually constructed emotion index, comprising the terms as constructed by
Watson et al. (1988), their synonyms generated through Thesaurus and all their conjugations
that represent an emotion. Subsequently, these word counts are normalized by the total num-
ber of words in each article. All numbers are presented in percentages. Panel A presents the
sample statistics for the entire sample period, comprising 34,458 trading days. In Panels B
and C, the sample is broken down by business cycle. Panel B contains all trading days during
recessions, while Panel C comprises those during expansions. In total, these are 8,995 and
25,463 days, respectively.

Emotion scale Mean Median 25%-qnt. 75%-qnt. Std. dev.

Panel A: All dates

Joviality 0.039 0.026 0.000 0.062 0.052
Self-Assurance 0.090 0.073 0.029 0.131 0.087
Attentiveness 0.009 0.000 0.000 0.000 0.022

Panel B: Recessions

Joviality 0.040 0.025 0.000 0.064 0.053
Self-Assurance 0.078 0.063 0.000 0.116 0.082
Attentiveness 0.008 0.000 0.000 0.000 0.021

Panel C: Expansions

Joviality 0.039 0.026 0.000 0.061 0.051
Self-Assurance 0.094 0.077 0.032 0.136 0.089
Attentiveness 0.009 0.000 0.000 0.000 0.023
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Table V
Sample Statistics for the PANAS-X Negative Emotion Scales during

Recessions and Expansions
The table reports sample statistics for the PANAS-X negative emotion scales that are used
in this research. These emotion scales are based on Watson et al. (1988) item composition of
the PANAS-X scales. These scales are constructed using a sample period ranging from 1890
to 2015, including the columns that are reported in Table II from the New York Times and
the Wall Street Journal. Each of the emotion scales is constructed by counting the number of
words using a manually constructed emotion index, comprising the terms as constructed by
Watson et al. (1988), their synonyms generated through Thesaurus and all their conjugations
that represent an emotion. Subsequently, these word counts are normalized by the total num-
ber of words in each article. All numbers are presented in percentages. Panel A presents the
sample statistics for the entire sample period, comprising 34,458 trading days. In Panels B
and C, the sample is broken down by business cycle. Panel B contains all trading days during
recessions, while Panel C comprises those during expansions. In total, these are 8,995 and
25,463 days, respectively.

Emotion scale Mean Median 25%-qnt. 75%-qnt. Std. dev.

Panel A: All dates

Fear 0.124 0.092 0.034 0.173 0.133
Hostility 0.013 0.000 0.000 0.000 0.030
Guilt 0.010 0.000 0.000 0.000 0.030
Sadness 0.026 0.000 0.000 0.043 0.043

Panel B: Recessions

Fear 0.111 0.082 0.024 0.158 0.121
Hostility 0.012 0.000 0.000 0.000 0.030
Guilt 0.009 0.000 0.000 0.000 0.023
Sadness 0.035 0.000 0.000 0.054 0.051

Panel C: Expansions

Fear 0.129 0.096 0.037 0.177 0.137
Hostility 0.013 0.000 0.000 0.000 0.030
Guilt 0.010 0.000 0.000 0.000 0.031
Sadness 0.023 0.000 0.000 0.038 0.040
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Table VI
Sample Statistics for the PANAS-X Other Affective State Scales

during Recessions and Expansions
The table reports sample statistics for the PANAS-X other affective state emotion scales that
are used in this research. These emotion scales are based on Watson et al. (1988) item com-
position of the PANAS-X scales. These scales are constructed using a sample period ranging
from 1890 to 2015, including the columns that are reported in Table II from the New York
Times and the Wall Street Journal. Each of the emotion scales is constructed by counting the
number of words using a manually constructed emotion index, comprising the terms as con-
structed by Watson et al. (1988), their synonyms generated through Thesaurus and all their
conjugations that represent an emotion. Subsequently, these word counts are normalized by
the total number of words in each article. All numbers are presented in percentages. Panel A
presents the sample statistics for the entire sample period, comprising 34,458 trading days.
In Panels B and C, the sample is broken down by business cycle. Panel B contains all trading
days during recessions, while Panel C comprises those during expansions. In total, these are
8,995 and 25,463 days, respectively.

Emotion scale Mean Median 25%-qnt. 75%-qnt. Std. dev.

Panel A: All dates

Shyness 0.001 0.000 0.000 0.000 0.008
Fatigue 0.006 0.000 0.000 0.000 0.020
Serenity 0.005 0.000 0.000 0.000 0.018
Surprise 0.019 0.000 0.000 0.032 0.034

Panel B: Recessions

Shyness 0.006 0.000 0.000 0.000 0.006
Fatigue 0.005 0.000 0.000 0.000 0.018
Serenity 0.006 0.000 0.000 0.000 0.020
Surprise 0.019 0.000 0.000 0.033 0.034

Panel C: Expansions

Shyness 0.001 0.000 0.000 0.000 0.009
Fatigue 0.007 0.000 0.000 0.000 0.021
Serenity 0.004 0.000 0.000 0.000 0.018
Surprise 0.019 0.000 0.000 0.032 0.034
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Table VII
Sample Statistics for Daily DJIA Returns, 1890 to 2015

The table reports sample statistics for the DJIA returns used in the paper. Panel A gives
unconditional sample statistics for the daily log-returns of the DJIA for the period 1890 to
2015. The first row presents the sample statistics; the following two rows break the sample
period into NBER recessions and expansions. Panel B reports the estimated coefficients from
the model Rt = (1−Dt)γ1Ls(Rt)+Dtγ2Ls(Rt)+ηX t + εt, where Ls denotes an s-lag operator,
namely, Ls(Rt) = Rt−1, ...,Rt−s, and Dt is a dummy variable that takes on the value one if
and only if date t is during a recession. s is set as s = 5 throughout the paper. As the set of
exogenous variables X t a constant term, day-of-the-week dummies, as well as a dummy for
whether date t belongs to a recession or an expansion, Dt, are included. Panel C presents
the estimates of a GARCH(1,1) model, where it is assumed that the return equation has a
constant mean, Rt = µ+ εt, but time-varying volatility of the form σ2

t+1 = ω+α1ε
2
t +β1σ

2
t ,

where σ2
t ≡ var(εt) is allowed for. The sample period t+1 comprises 34,458 trading days, of

which 8,995 were during recessions. The t-stats reported are computed using White (1980)
standard errors.

Panel A: Sample Statistics

Mean Median 25%-qnt. 75%-qnt. Std. dev.

All dates 0.017 0.042 –0.458 0.530 1.078
Expansions 0.040 0.056 –0.413 0.519 0.938
Recessions –0.046 –0.012 –0.636 0.576 1.399

Panel B: Time-Series Regression

Expansions γ1 t-stat Recessions γ2 t-stat

(1 – Dt )×Rt–1 0.035 2.42 Dt ×Rt–1 0.003 0.14
(1 – Dt )×Rt–2 –0.038 –2.64 Dt ×Rt–2 –0.035 –1.52
(1 – Dt )×Rt–3 –0.001 –0.07 Dt ×Rt–3 0.026 1.33
(1 – Dt )×Rt–4 0.009 0.88 Dt ×Rt–4 0.048 2.44
(1 – Dt )×Rt–5 0.009 0.69 Dt ×Rt–5 0.017 0.86

η t-stat η t-stat

ITue 0.128 6.4 IFri 0.152 7.6
IWed 0.132 6.5 ISat 0.150 6.8
IThu 0.109 5.4 Dt –0.079 –5.1

Panel C: GARCH(1,1) Estimates

ω,α1 ,β1

Constant, ω 0.000
Innovations term, α1 0.099
Autoregressive term, β1 0.884
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Table VIII
Feedback from the Loughran and McDonald Emotion Scales to the

DJIA
The table reports the estimated coefficients β from the model

Rt =βLs(Mt)+γLs(Rt)+ψLs(R2
t )+ηX t +εt.

The dependent variable Rt is the log-return on the DJIA from 1890 to 2015. The variable Mt is
one of the emotion scales as constructed by Loughran and McDonald (2011) or the pessimism
emotion scale, which is constructed by subtracting the positive from the negative emotion
scale. These scales are constructed using a sample period ranging from 1890 to 2015, includ-
ing the columns that are reported in Table II from the New York Times and the Wall Street
Journal. The emotion scales are normalized to have unit variance. As the set of exogenous
variables X t, a constant term, day-of-the-week dummies, as well as a dummy for whether
date t belongs to a recession or an expansion, Dt, are included. The sample period comprises
34,458 trading days, of which 8,995 were during recessions. The t-stats reported are computed
using White (1980) standard errors.

Panel A: Media Variables

Positive Negative Pessimism
β t-stat β t-stat β t-stat

Mt–1 0.069 4.4 –0.024 –2.6 –0.042 –4.6
Mt–2 –0.161 –1.1 –0.027 –2.8 –0.018 –2.0
Mt–3 –0.004 –1.6 –0.000 1.3 0.011 1.3
Mt–4 –0.023 –1.3 0.035 –0.0 0.006 0.7
Mt–5 –0.021 –1.9 0.018 3.9 0.035 4.1

Panel B: Tests

Positive Negative Pessimism
F-stat p-value F-stat p-value F-stat p-value

β1 = 0 19.7 0.000 6.6 0.010 21.6 0.000∑5
j=2 β j = 0 8.5 0.004 2.7 0.100 8.3 0.004
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Table IX
Feedback from the PANAS-X Positive Emotion Scales to the DJIA

The table reports the estimated coefficients β from the model

Rt =βLs(Mt)+γLs(Rt)+ψLs(R2
t )+ηX t +εt.

The dependent variable Rt is the log-return on the DJIA from 1890 to 2015. The variable Mt
is one of the PANAS-X positive emotion scales. These scales are constructed using a sample
period ranging from 1890 to 2015, including the columns that are reported in Table II from the
New York Times and the Wall Street Journal. The emotion scales are normalized to have unit
variance. As the set of exogenous variables X t, a constant term, day-of-the-week dummies, as
well as a dummy for whether date t belongs to a recession or an expansion, Dt, are included.
The sample period comprises 34,458 trading days, of which 8,995 were during recessions. The
t-stats reported are computed using White (1980) standard errors.

Panel A: Media Variables

Joviality Self-Assurance Attentiveness
β t-stat β t-stat β t-stat

Mt–1 –0.049 –0.4 0.114 1.7 0.032 0.1
Mt–2 –0.080 –0.7 –0.043 –0.7 0.003 0.0
Mt–3 0.155 1.3 0.057 0.9 0.115 0.5
Mt–4 –0.085 –0.7 –0.049 –0.8 0.097 0.4
Mt–5 –0.127 –1.0 0.031 0.5 0.306 1.3

Panel B: Tests

Joviality Self-Assurance Attentiveness
F-stat p-value F-stat p-value F-stat p-value

β1 = 0 0.2 0.685 3.0 0.084 0.0 0.896∑5
j=2 β j = 0 0.4 0.515 0.0 0.972 1.6 0.200
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Table X
Feedback from the PANAS-X Negative Emotion Scales to the DJIA

The table reports the estimated coefficients β from the model

Rt =βLs(Mt)+γLs(Rt)+ψLs(R2
t )+ηX t +εt.

The dependent variable Rt is the log-return on the DJIA from 1890 to 2015. The variable Mt
is one of the PANAS-X negative emotion scales. These scales are constructed using a sample
period ranging from 1890 to 2015, including the columns that are reported in Table II from the
New York Times and the Wall Street Journal. The emotion scales are normalized to have unit
variance. As the set of exogenous variables X t, a constant term, day-of-the-week dummies, as
well as a dummy for whether date t belongs to a recession or an expansion, Dt, are included.
The sample period comprises 34,458 trading days, of which 8,995 were during recessions. The
t-stats reported are computed using White (1980) standard errors.

Panel A: Media Variables

Fear Hostility Guilt Sadness
β t-stat β t-stat β t-stat β t-stat

Mt–1 –0.091 –1.7 0.040 0.2 0.173 1.0 –0.312 –1.9
Mt–2 –0.076 –1.4 –0.137 –0.8 –0.433 –2.4 0.028 0.2
Mt–3 0.052 1.0 0.030 0.2 0.002 0.0 –0.064 –0.4
Mt–4 0.093 1.8 –0.255 –1.5 0.271 1.5 0.155 0.9
Mt–5 0.033 0.6 0.106 0.6 –0.065 –0.4 0.142 0.8

Panel B: Tests

Fear Hostility Guilt Sadness
F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β1 = 0 3.0 0.086 0.1 0.819 1.0 0.318 3.7 0.054∑5
j=2 β j = 0 1.6 0.213 0.6 0.429 0.5 0.478 0.7 0.407
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Table XI
Feedback from the PANAS-X Other Affective State Scales to the

DJIA
The table reports the estimated coefficients β from the model

Rt =βLs(Mt)+γLs(Rt)+ψLs(R2
t )+ηX t +εt.

The dependent variable Rt is the log-return on the DJIA from 1890 to 2015. The variable Mt
is one of the PANAS-X other affective state emotion scales. These scales are constructed using
a sample period ranging from 1890 to 2015, including the columns that are reported in Table
II from the New York Times and the Wall Street Journal. The emotion scales are normalized
to have unit variance. As the set of exogenous variables X t, a constant term, day-of-the-week
dummies, as well as a dummy for whether date t belongs to a recession or an expansion, Dt,
are included. The sample period comprises 34,458 trading days, of which 8,995 were during
recessions. The t-stats reported are computed using White (1980) standard errors.

Panel A: Media Variables

Shyness Fatigue Serenity Surprise
β t-stat β t-stat β t-stat β t-stat

Mt–1 0.874 1.5 0.263 1.1 0.977 2.7 0.070 0.4
Mt–2 –0.490 –0.6 –0.025 –0.1 0.160 0.5 –0.051 –0.3
Mt–3 0.898 1.3 0.284 1.0 0.386 1.2 0.038 0.2
Mt–4 –0.234 –0.39 –0.330 –1.2 0.053 0.2 0.175 1.0
Mt–5 –0.168 –1.6 –0.487 –1.4 –2.496 –0.8 0.018 0.1

Panel B: Tests

Shyness Fatigue Serenity Surprise
F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β1 = 0 2.1 0.147 1.1 0.296 7.4 0.007 0.2 0.693∑5
j=2 β j = 0 0.6 0.451 1.1 0.299 0.3 0.590 0.3 0.557
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Table XII
Feedback from the Loughran and McDonald Emotion Scales to the

DJIA along the Business Cycle
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All variables are defined as in Tables VIII, IX, X and XI. The sample period comprises 34,458
trading days, of which 8,995 were during recessions. The t-stats reported are computed using
White (1980) standard errors.

Panel A: Expansions (β1)

Positive Negative Pessimism
β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 0.054 3.4 –0.015 –1.6 –0.027 –3.1
(1 – Dt )×Mt–2 –0.019 –1.2 –0.027 –2.8 –0.017 –1.9
(1 – Dt )×Mt–3 0.012 0.7 0.010 1.1 0.006 0.7
(1 – Dt )×Mt–4 –0.035 –2.2 0.001 0.1 0.010 1.2
(1 – Dt )×Mt–5 –0.001 –0.0 0.036 4.0 0.030 3.6

Panel B: Recessions (β2)

Positive Negative Pessimism
β t-stat β t-stat β t-stat

Dt ×Mt–1 0.095 2.5 –0.051 –1.8 –0.085 –3.2
Dt ×Mt–2 0.037 –0.1 –0.027 –0.9 –0.023 –0.9
Dt ×Mt–3 –0.033 –1.0 0.017 0.6 0.025 1.0
Dt ×Mt–4 0.012 0.3 –0.002 0.1 –0.007 –0.3
Dt ×Mt–5 –0.070 –1.9 0.033 1.3 0.053 2.1

Panel C: Tests

Positive Negative Pessimism
F-stat p-value F-stat p-value F-stat p-value

β11 =β21 1.0 0.314 1.5 0.217 4.2 0.040∑5
j=2 β1j = 0 3.3 0.068 3.0 0.086 6.7 0.010∑5
j=2 β2j = 0 3.7 0.054 0.6 0.457 1.9 0.172
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Table XIII
Feedback from the PANAS-X Positive Emotion Scales to the DJIA

along the Business Cycle
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All variables are defined as in Tables VIII, IX, X and XI. The sample period comprises 34,458
trading days, of which 8,995 were during recessions. The t-stats reported are computed using
White (1980) standard errors.

Panel A: Expansions (β1)

Joviality Self-Assurance Attentiveness
β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 –0.011 –0.1 0.110 1.7 0.290 1.2
(1 – Dt )×Mt–2 –0.092 –0.8 –0.048 –0.8 –0.242 –1.0
(1 – Dt )×Mt–3 0.245 2.1 0.050 0.8 0.048 0.2
(1 – Dt )×Mt–4 –0.172 –1.5 –0.085 –1.3 –0.141 –0.6
(1 – Dt )×Mt–5 0.103 0.8 0.037 0.6 0.159 0.7

Panel B: Recessions (β2)

Joviality Self-Assurance Attentiveness
β t-stat β t-stat β t-stat

Dt ×Mt–1 –0.085 –0.3 0.089 0.5 –0.878 –1.3
Dt ×Mt–2 –0.037 –0.1 –0.005 –0.0 0.762 1.2
Dt ×Mt–3 –0.097 –0.3 0.102 0.6 0.405 0.7
Dt ×Mt–4 0.187 0.6 0.105 0.6 0.898 1.4
Dt ×Mt–5 –0.709 –2.4 0.031 0.2 0.865 1.3

Panel C: Tests

Joviality Self-Assurance Attentiveness
F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.1 0.824 0.0 0.915 2.7 0.099∑5
j=2 β1j = 0 0.2 0.692 0.2 0.669 0.2 0.662∑5
j=2 β2j = 0 1.7 0.200 0.7 0.412 6.4 0.012
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Table XIV
Feedback from the PANAS-X Negative Emotion Scales to the DJIA

along the Business Cycle
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All variables are defined as in Tables VIII, IX, X and XI. The sample period comprises 34,458
trading days, of which 8,995 were during recessions. The t-stats reported are computed using
White (1980) standard errors.

Panel A: Expansions (β1)

Fear Hostility Guilt Sadness
β t-stat β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 –0.093 –1.8 0.163 0.8 0.200 1.2 –0.259 –1.5
(1 – Dt )×Mt–2 –0.077 –1.4 –0.080 –0.4 –0.347 –1.9 0.190 1.2
(1 – Dt )×Mt–3 0.083 1.6 0.063 0.3 0.071 0.4 –0.074 –0.5
(1 – Dt )×Mt–4 0.073 1.4 0.012 0.1 0.258 1.5 0.299 1.9
(1 – Dt )×Mt–5 0.040 0.8 0.031 0.2 0.004 0.0 0.243 1.5

Panel B: Recessions (β2)

Fear Hostility Guilt Sadness
β t-stat β t-stat β t-stat β t-stat

Dt ×Mt–1 –0.051 –0.3 –0.345 –0.9 0.105 0.2 –0.360 –1.1
Dt ×Mt–2 –0.071 –0.5 –0.394 –0.9 –0.848 –1.5 –0.246 –0.7
Dt ×Mt–3 –0.122 –0.8 –0.089 –0.2 –0.430 –0.7 0.025 0.1
Dt ×Mt–4 0.160 1.1 -1.089 –2.6 0.297 0.4 –0.023 –0.1
Dt ×Mt–5 0.009 0.1 0.321 0.8 –0.393 –0.7 –0.012 –0.0

Panel C: Tests

Fear Hostility Guilt Sadness
F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.1 0.799 1.3 0.250 0.0 0.885 0.1 0.792∑5
j=2 β1j = 0 2.2 0.138 0.0 0.941 0.0 0.964 5.0 0.026∑5
j=2 β2j = 0 0.1 0.914 2.7 0.100 1.5 0.221 0.1 0.705
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Table XV
Feedback from the PANAS-X Other Affective State Scales to the

DJIA along the Business Cycle
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All variables are defined as in Tables VIII, IX, X and XI. The sample period comprises 34,458
trading days, of which 8,995 were during recessions. The t-stats reported are computed using
White (1980) standard errors.

Panel A: Expansions (β1)

Shyness Fatigue Serenity Surprise
β t-stat β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 0.823 1.3 0.332 1.3 0.841 2.1 0.298 1.6
(1 – Dt )×Mt–2 –0.205 –0.3 –0.141 –0.5 0.421 1.1 0.020 0.1
(1 – Dt )×Mt–3 0.226 0.4 0.269 0.9 0.286 0.8 0.163 0.9
(1 – Dt )×Mt–4 0.031 0.1 –0.399 –1.6 –0.083 –0.2 0.116 0.7
(1 – Dt )×Mt–5 –1.246 –1.7 –0.423 –1.1 –0.131 –0.4 0.018 0.1

Panel B: Recessions (β2)

Shyness Fatigue Serenity Surprise
β t-stat β t-stat β t-stat β t-stat

Dt ×Mt–1 1.600 0.7 –0.098 –0.1 1.244 1.7 –0.476 –1.1
Dt ×Mt–2 –1.491 –0.4 0.483 0.6 –0.686 –0.9 –0.273 –0.6
Dt ×Mt–3 4.991 1.8 0.405 0.5 0.546 0.8 –0.332 –0.8
Dt ×Mt–4 –2.397 –1.1 –0.105 –0.1 –0.210 0.3 0.325 0.7
Dt ×Mt–5 –0.912 –0.4 –0.720 –0.9 –0.470 –.07 0.112 0.3

Panel C: Tests

Shyness Fatigue Serenity Surprise
F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.1 0.729 0.3 0.578 0.2 0.636 2.6 0.110∑5
j=2 β1j = 0 0.9 0.351 1.6 0.210 0.5 0.489 1.0 0.316∑5
j=2 β2j = 0 0.0 0.971 0.0 0.967 0.1 0.762 0.1 0.825
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Table XVI
Feedback from the Loughran and McDonald Emotion Scales to the

DJIA on Mondays and Post-Holiday Days
The table reports the estimated coefficients β from the model

Rt =(1− I t)[(1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1(R2
t ))+Dt(β3Ls(Mt)+γ3Ls(Rt)+ψ3(R2

t ))]

+ (1− I t)[(1−Dt)(β2Ls(Mt)+γ2Ls(Rt)+ψ2(R2
t ))+Dt(β4Ls(Mt)+γ4Ls(Rt)+ψ4(R2

t ))]

+ηX t +εt,

where the dummy variable I t takes on the value one if and only if date t−1 was not a trading
date, and all other independent variables are defined as in Tables VIII, IX, X and XI. The
dependent variable Rt is the log-return on the DJIA index from 1890 to 2015. The sample
period comprises 34,458 trading days, of which 8,995 were during recessions. The t-stats
reported are computed using White (1980) standard errors.

Positive Negative Pessimism
β t-stat β t-stat β t-stat

Expansions, Monday/holidays, β11 0.021 0.6 –0.088 –1.7 –0.037 –1.7
Expansions, back-to-back weekdays, β21 0.065 3.2 –0.012 –1.1 –0.027 –2.6
Recessions, Mondays/holidays, β31 0.101 1.8 –0.032 –0.8 –0.104 –2.5
Recessions, back-to-back weekdays, β41 0.091 2.7 –0.059 –2.6 –0.087 –4.2

F-stat p-value F-stat p-value F-stat p-value

β11 =β21 1.2 0.283 1.1 0.306 0.2 0.700
β31 =β41 0.0 0.878 0.3 0.566 0.1 0.713
β11 =β31 1.5 0.217 0.0 0.906 2.1 0.145
β21 =β41 0.5 0.496 3.4 0.065 6.6 0.010
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Table XVII
Feedback from the Self-Assurance, Fear, Sadness and Serenity

Emotion Scales to the DJIA on Mondays and Post-Holiday Days
The table reports the estimated coefficients β from the model

Rt =(1− I t)[(1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1(R2
t ))+Dt(β3Ls(Mt)+γ3Ls(Rt)+ψ3(R2

t ))]

+ (1− I t)[(1−Dt)(β2Ls(Mt)+γ2Ls(Rt)+ψ2(R2
t ))+Dt(β4Ls(Mt)+γ4Ls(Rt)+ψ4(R2

t ))]

+ηX t +εt,

where the dummy variable I t takes on the value one if and only if date t−1 was not a trading
date, and all other independent variables are defined as in Tables VIII, IX, X and XI. The
dependent variable Rt is the log-return on the DJIA index from 1890 to 2015. The sample
period comprises 34,458 trading days, of which 8,995 were during recessions. The t-stats
reported are computed using White (1980) standard errors.

Self-Assurance Fear Sadness Serenity
β t-stat β t-stat β t-stat β t-stat

Expansions, Monday/holidays, β11 0.045 0.3 –0.194 –1.9 –0.873 –2.3 0.056 0.1
Expansions, back-to-back weekdays, β21 0.138 1.6 –0.089 –1.4 –0.170 –0.9 1.033 2.4
Recessions, Mondays/holidays, β31 –0.395 –1.3 0.066 0.3 –0.964 –2.1 –0.080 –0.1
Recessions, back-to-back weekdays, β41 0.245 1.6 –0.013 –0.1 –0.037 –0.1 2.030 3.0

F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.3 0.606 0.8 0.387 2.9 0.091 1.4 0.240
β31 =β41 3.4 0.064 0.1 0.734 3.2 0.075 2.6 0.107
β11 =β31 1.6 0.205 1.4 0.240 0.0 0.875 0.0 0.919
β21 =β41 0.4 0.550 0.3 0.586 0.2 0.682 1.6 0.212
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Table XVIII
Volatility Adjustments, Orthogonal Media Content and Robust

Regressions - Loughran and McDonald Emotion Scales
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All independent variables are as in Tables VIII, IX, X and XI. In Panel A, the dependent
variable Rt denotes the normalized log-returns on the DJIA. These are constructed by taking
the raw log-returns on the DJIA and dividing them by the estimates σt from the GARCH(1,1)
model from Panel C of Table VII. In Panels B and C, Rt denotes the log-return on the DJIA
average. In Panels A and C, the variable Mt denotes one the emotion scales, as described in
Tables VIII, IX, X and XI. In Panel B, the variable Mt is the residual from the model estimated
in Tables XXII and XXIII. Estimation in Panels A and B is via OLS. The estimation in Panel C
is done using robust linear regression based on the M-estimator of Huber (1981). The sample
period comprises 34,458 trading days, of which 8,995 were during recessions. The t-stats
reported are computed using White (1980) standard errors.

Panel A: GARCH-Adjusted Returns

Positive Negative Pessimism
β t-stat β t-stat β t-stat

Expansions, (1 – Dt)×Mt–1 3.449 2.1 –1.661 –1.8 –2.329 –2.7
Recessions, Dt ×Mt–1 4.183 1.5 –2.295 –1.1 –3.798 –2.0

F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.1 0.824 0.1 0.786 0.5 0.480∑5
j=2β1j = 0 1.7 0.189 3.3 0.071 5.6 0.018∑5
j=2β2j = 0 0.7 0.390 0.2 0.665 0.5 0.478

Panel B: Orthogonal Media Scales

β t-stat β t-stat β t-stat

Expansions, (1 – Dt)×Mt–1 0.048 3.0 –0.011 –1.2 –0.023 –2.5
Recessions, Dt ×Mt–1 0.103 2.7 –0.050 –1.8 –0.088 –3.2

F-stat p-value F-stat p-value F-stat p-value

β11 =β21 1.7 0.188 0.7 0.196 5.1 0.025∑5
j=2β1j = 0 0.3 0.600 0.0 0.914 0.3 0.620∑5
j=2β2j = 0 0.0 0.900 1.1 0.291 1.4 0.236

Panel C: Robust Regression

β t-stat β t-stat β t-stat

Expansions, (1 – Dt)×Mt–1 0.036 2.7 –0.130 –1.7 –0.021 –2.9
Recessions, Dt ×Mt–1 0.039 1.8 –0.029 –1.9 –0.047 –3.3

F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.0 0.918 0.9 0.357 2.6 0.109∑5
j=2β1j = 0 1.8 0.185 1.2 0.268 2.7 0.098∑5
j=2β2j = 0 0.0 0.909 0.0 0.762 0.2 0.624
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Table XIX
Volatility Adjustments, Orthogonal Media Content and Robust

Regressions - Self-Assurance, Fear, Sadness and Serenity
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All independent variables are as in Tables VIII, IX, X and XI. In Panel A, the dependent
variable Rt denotes the normalized log-returns on the DJIA. These are constructed by taking
the raw log-returns on the DJIA and dividing them by the estimates σt from the GARCH(1,1)
model from Panel C of Table VII. In Panels B and C, Rt denotes the log-return on the DJIA
average. In Panels A and C, the variable Mt denotes one the emotion scales, as described in
Tables VIII, IX, X and XI. In Panel B, the variable Mt is the residual from the model estimated
in Tables XXII and XXIII. Estimation in Panels A and B is via OLS. The estimation in Panel C
is done using robust linear regression based on the M-estimator of Huber (1981). The sample
period comprises 34,458 trading days, of which 8,995 were during recessions. The t-stats
reported are computed using White (1980) standard errors.

Panel A: GARCH-Adjusted Returns

Self-Assurance Fear Sadness Serenity
β t-stat β t-stat β t-stat β t-stat

Expansions, (1 – Dt)×Mt–1 8.712 1.2 –9.754 –1.9 –32.747 –1.8 54.842 1.6
Recessions, Dt ×Mt–1 8.544 0.7 4.164 0.4 –23.676 –1.1 84.021 1.6

F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.0 0.991 1.3 0.256 0.1 0.751 0.0 0.646∑5
j=2β1j = 0 0.1 0.778 2.7 0.100 2.5 0.115 0.1 0.810∑5
j=2β2j = 0 0.5 0.462 0.8 0.360 0.4 0.510 0.3 0.619

Panel B: Orthogonal Media Scales

β t-stat β t-stat β t-stat β t-stat

Expansions, (1 – Dt)×Mt–1 0.105 1.6 –0.094 –1.8 –0.295 –1.7 0.805 2.1
Recessions, Dt ×Mt–1 0.133 0.7 0.026 0.2 –0.277 –0.8 1.341 1.8

F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.0 0.883 0.5 0.471 0.0 0.963 0.4 0.529∑5
j=2β1j = 0 0.0 0.977 0.9 0.337 2.3 0.131 0.5 0.495∑5
j=2β2j = 0 1.8 0.184 0.2 0.667 0.3 0.615 0.0 0.903

Panel C: Robust Regression

β t-stat β t-stat β t-stat β t-stat

Expansions, (1 – Dt)×Mt–1 0.072 1.2 –0.070 –1.7 –0.259 –2.0 0.272 1.0
Recessions, Dt ×Mt–1 0.178 1.6 0.005 0.1 –0.621 –3.5 0.884 2.0

F-stat p-value F-stat p-value F-stat p-value F-stat p-value

β11 =β21 0.7 0.396 0.7 0.411 2.7 0.101 1.3 0.249∑5
j=2β1j = 0 0.7 0.412 4.3 0.038 3.6 0.060 0.0 0.912∑5
j=2β2j = 0 0.3 0.576 0.3 0.596 1.6 0.206 0.5 0.485
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Table XX
Feedback from the Loughran and McDonald Emotion Scales to the

DJIA along the Business Cycle - Subsamples
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All variables are defined as in Tables VIII, IX, X and XI. The sample period comprises 34,458
trading days, of which 8,995 were during recessions. From this total amount of trading days,
the New York Times subsample comprises 27,028 trading days with at least one article. The
Wall Street Journal subsample comprises 21,632 trading days with at least one article. The
t-stats reported are computed using White (1980) standard errors.

New York Times

Panel A: Expansions (β1) Positive Negative Pessimism
β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 –0.011 –0.9 –0.022 –3.5 –0.023 –3.3
(1 – Dt )×Mt–2 –0.009 –0.8 –0.006 –0.9 –0.003 –0.51
(1 – Dt )×Mt–3 0.019 1.6 0.010 1.7 0.007 1.0
(1 – Dt )×Mt–4 0.001 0.1 0.011 1.8 0.012 1.9
(1 – Dt )×Mt–5 0.015 1.3 0.016 2.8 0.014 2.1

Panel B: Recessions (β2) Positive Negative Pessimism
β t-stat β t-stat β t-stat

Dt ×Mt–1 0.062 2.1 –0.019 –1.0 –0.046 –2.1
Dt ×Mt–2 –0.022 –0.7 –0.042 –2.1 –0.048 –2.3
Dt ×Mt–3 –0.008 –0.3 –0.001 –0.1 –0.004 –0.2
Dt ×Mt–4 –0.016 –0.5 –0.011 –0.6 –0.014 –0.7
Dt ×Mt–5 0.008 0.3 0.045 2.4 0.044 2.1

Wall Street Journal

Panel C: Expansions (β1) Positive Negative Pessimism
β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 0.010 0.9 –0.008 –1.2 –0.014 –1.9
(1 – Dt )×Mt–2 –0.007 –0.7 –0.014 –2.2 –0.013 –1.8
(1 – Dt )×Mt–3 –0.002 –0.2 –0.000 –0.0 –0.001 –0.1
(1 – Dt )×Mt–4 –0.012 –1.1 0.002 0.4 0.007 1.0
(1 – Dt )×Mt–5 0.007 0.7 0.017 3.0 0.019 2.8

Panel D: Recessions (β2) Positive Negative Pessimism
β t-stat β t-stat β t-stat

Dt ×Mt–1 0.073 2.9 0.021 1.3 –0.007 –0.4
Dt ×Mt–2 –0.061 –2.5 –0.040 –2.5 –0.021 –1.1
Dt ×Mt–3 –0.037 –1.6 0.002 0.1 0.025 1.2
Dt ×Mt–4 –0.013 –1.6 –0.007 –0.5 –0.008 –0.4
Dt ×Mt–5 0.006 0.3 0.016 1.0 0.018 0.9
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Table XXI
Feedback from the Self-Assurance, Fear, Sadness and Serenity

Emotion Scales to the DJIA along the Business Cycle - Subsamples
The table reports the estimated coefficients β from the model

Rt = (1−Dt)(β1Ls(Mt)+γ1Ls(Rt)+ψ1Ls(R2
t ))+Dt(β2Ls(Mt)+γ2Ls(Rt)+ψ2Ls(R2

t ))+ηX t +εt.

All variables are defined as in Tables VIII, IX, X and XI. The sample period comprises 34,458
trading days, of which 8,995 were during recessions. From this total amount of trading days,
the New York Times subsample comprises 27,028 trading days with at least one article. The
Wall Street Journal subsample comprises 21,632 trading days with at least one article. The
t-stats reported are computed using White (1980) standard errors.

New York Times

Panel A: Expansions (β1) Self-Assurance Fear Sadness Serenity
β t-stat β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 –0.055 –1.0 –0.127 –2.8 –0.087 –0.7 0.406 1.4
(1 – Dt )×Mt–2 –0.055 –1.0 –0.011 –0.2 0.121 1.0 0.169 0.6
(1 – Dt )×Mt–3 0.053 0.9 0.083 1.9 –0.036 –0.3 0.199 0.7
(1 – Dt )×Mt–4 0.026 0.5 0.140 3.2 0.259 2.0 0.264 0.9
(1 – Dt )×Mt–5 0.066 1.1 0.046 1.1 0.166 1.3 0.158 0.5

Panel B: Recessions (β2) Self-Assurance Fear Sadness Serenity
β t-stat β t-stat β t-stat β t-stat

Dt ×Mt–1 0.124 0.8 –0.109 –0.9 –0.234 –0.9 1.201 1.6
Dt ×Mt–2 –0.173 –1.1 –0.137 –1.1 –0.385 –1.3 –0.606 –0.9
Dt ×Mt–3 0.234 1.4 –0.174 –1.4 0.138 0.5 0.228 0.4
Dt ×Mt–4 –0.104 –0.7 0.177 1.4 –0.217 –0.7 0.403 0.7
Dt ×Mt–5 0.179 1.1 0.095 0.8 0.513 1.7 –0.570 –1.0

Wall Street Journal

Panel C: Expansions (β1) Self-Assurance Fear Sadness Serenity
β t-stat β t-stat β t-stat β t-stat

(1 – Dt )×Mt–1 0.032 0.7 –0.065 –1.5 –0.288 –1.8 0.557 1.5
(1 – Dt )×Mt–2 0.065 1.4 –0.088 –1.9 0.081 0.5 0.282 0.7
(1 – Dt )×Mt–3 0.043 0.9 0.037 0.8 0.109 0.8 0.026 0.1
(1 – Dt )×Mt–4 –0.125 –2.5 –0.004 –0.1 0.094 0.6 –0.258 –0.7
(1 – Dt )×Mt–5 0.047 1.0 0.050 1.1 0.263 1.7 –0.163 –0.5

Panel D: Recessions (β2) Self-Assurance Fear Sadness Serenity
β t-stat β t-stat β t-stat β t-stat

Dt ×Mt–1 0.234 1.4 0.086 0.7 0.373 1.2 0.413 0.6
Dt ×Mt–2 –0.246 –1.5 –0.255 –2.0 –0.386 –1.3 –0.204 –0.3
Dt ×Mt–3 –0.082 –0.5 –0.002 –0.0 –0.234 –0.8 –0.023 –0.0
Dt ×Mt–4 0.124 1.4 0.001 0.0 –0.134 –0.4 0.634 0.9
Dt ×Mt–5 –0.101 –0.7 0.078 0.6 –0.432 –1.3 0.168 0.3



Table XXII
Feedback from Stock Prices to News Content - Loughran and

McDonald Emotion Scales
The table reports the estimated coefficients λ and β from the model

Mt = (1−Dt)(λ1Rt +β1Ls(Rt)+γ1Ls(Mt))+Dt(λ2Rt +β2Ls(Rt)+γ2Ls(Mt))+ηX t +υt.

The variable Mt denotes one of the emotion scales, as described in Tables VIII, IX, X and
XI. The set of exogenous variables X t includes those in the specification of the same tables.
In Panel A the variable Rt denotes the log-return on the DJIA. In Panel B the variable Rt
denotes the normalized log-returns on the DJIA, constructed as in Panel A of Table XVIII.
The sample period comprises 34,458 trading days, of which 8,995 were during recessions. The
t-stats reported are computed using White (1980) standard errors.

Panel A: Using Raw Returns (λ1,β1,λ2,β2)

Positive Negative Pessimism
λ,β t-stat λ,β t-stat λ,β t-stat

(1 – Dt)×Rt 0.094 23.4 –0.143 –25.9 –0.237 –29.4
(1 – Dt)×Rt–1 0.015 5.4 –0.020 –4.4 –0.034 –6.5
(1 – Dt)×Rt–2 –0.003 –1.0 0.005 1.1 0.006 1.2
(1 – Dt)×Rt–3 –0.006 –2.2 0.014 3.1 0.019 3.8
(1 – Dt)×Rt–4 –0.010 –3.7 0.009 1.9 0.018 3.5
Dt ×Rt 0.064 21.9 –0.094 –21.5 –0.158 –29.9
Dt ×Rt–1 0.011 3.6 –0.014 –3.2 –0.025 –4.5
Dt ×Rt–2 –0.003 –1.0 0.005 1.2 0.006 1.1
Dt ×Rt–3 –0.009 –3.0 0.001 0.3 0.008 1.5
Dt ×Rt–4 –0.009 –2.8 0.020 4.8 0.027 5.3

F-stat p-value F-stat p-value F-stat p-value

Test λ1 =λ2 38.4 0.000 48.7 0.000 67.3 0.000

Panel B: Returns Normalized by GARCH(1,1) (λ1,β1,λ2,β2)

Positive Negative Pessimism
λ,β t-stat λ,β t-stat λ,β t-stat

(1 – Dt)×Rt 0.001 35.8 –0.001 –33.8 –0.002 –48.0
(1 – Dt)×Rt–1 0.000 4.6 –0.000 –3.6 0.000 –5.5
(1 – Dt)×Rt–2 –0.000 –2.4 0.000 1.5 0.000 2.3
(1 – Dt)×Rt–3 –0.000 –2.7 0.000 3.7 0.000 4.7
(1 – Dt)×Rt–4 –0.000 –3.8 0.000 2.3 0.000 3.8
Dt ×Rt 0.001 22.4 –0.001 –21.5 –0.002 –32.3
Dt ×Rt–1 0.000 3.5 –0.000 –2.1 –0.000 –4.0
Dt ×Rt–2 –0.000 –2.0 0.000 1.5 0.000 2.2
Dt ×Rt–3 –0.000 –3.6 0.000 0.9 0.000 2.7
Dt ×Rt–4 –0.000 –2.0 0.000 4.1 0.000 4.5

F-stat p-value F-stat p-value F-stat p-value

Test λ1 =λ2 1.6 0.204 4.1 0.440 5.9 0.150
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Table XXIII
Feedback from Stock Prices to News Content - Self-Assurance, Fear,

Sadness and Serenity Emotion Scales
The table reports the estimated coefficients λ and β from the model

Mt = (1−Dt)(λ1Rt +β1Ls(Rt)+γ1Ls(Mt))+Dt(λ2Rt +β2Ls(Rt)+γ2Ls(Mt))+ηX t +υt.

The variable Mt denotes one of the emotion scales, as described in Tables VIII, IX, X and
XI. The set of exogenous variables X t includes those in the specification of the same tables.
In Panel A the variable Rt denotes the log-return on the DJIA. In Panel B the variable Rt
denotes the normalized log-returns on the DJIA, constructed as in Panel A of Table XVIII.
The sample period comprises 34,458 trading days, of which 8,995 were during recessions. The
t-stats reported are computed using White (1980) standard errors.

Panel A: Using Raw Returns (λ1,β1,λ2,β2)

Self-Assurance Fear Sadness Serenity
λ,β t-stat λ,β t-stat λ,β t-stat λ,β t-stat

(1 – Dt)×Rt 0.011 16.0 –0.017 –16.6 –0.002 –6.1 –0.000 –1.5
(1 – Dt)×Rt–1 0.003 6.1 –0.006 –6.0 –0.001 –3.1 –0.000 –1.8
(1 – Dt)×Rt–2 0.000 0.8 –0.003 –3.3 –0.000 –1.0 –0.000 –1.8
(1 – Dt)×Rt–3 0.001 2.0 –0.000 –0.5 –0.000 –0.8 –0.000 –2.0
(1 – Dt)×Rt–4 –0.000 –0.1 –0.001 –0.6 –0.001 –2.3 –0.000 –1.1
Dt ×Rt 0.007 11.2 –0.007 –7.3 –0.002 –5.6 –0.000 –0.8
Dt ×Rt–1 0.003 5.0 –0.004 –4.4 –0.001 –1.7 –0.000 –0.9
Dt ×Rt–2 0.001 1.3 –0.001 –1.3 –0.001 –2.0 –0.000 –0.8
Dt ×Rt–3 –0.000 –0.7 –0.001 –1.8 –0.000 –0.8 –0.000 –0.8
Dt ×Rt–4 0.000 0.5 0.001 1.2 –0.001 –1.7 –0.000 –2.1

F-stat p-value F-stat p-value F-stat p-value

Test λ1 =λ2 14.3 0.000 57.5 0.000 1.4 0.233 0.7 0.408

Panel B: Returns Normalized by GARCH(1,1) (λ1,β1,λ2,β2)

Self-Assurance Fear Sadness Serenity
λ,β t-stat λ,β t-stat λ,β t-stat λ,β t-stat

(1 – Dt)×Rt 0.000 19.6 –0.000 –19.1 –0.000 –6.0 –0.000 –1.7
(1 – Dt)×Rt–1 0.000 5.7 –0.000 –5.9 –0.000 –3.7 –0.000 –2.3
(1 – Dt)×Rt–2 0.000 0.4 –0.000 –3.0 –0.000 –1.2 –0.000 –2.2
(1 – Dt)×Rt–3 0.000 1.6 0.000 0.4 –0.000 –0.8 –0.000 –2.1
(1 – Dt)×Rt–4 –0.000 –0.3 –0.000 –0.6 –0.000 –2.6 –0.000 –1.7
Dt ×Rt 0.000 13.1 –0.000 –7.4 –0.000 –5.9 –0.000 –0.6
Dt ×Rt–1 0.000 4.8 –0.000 –3.1 –0.000 –0.8 –0.000 –1.9
Dt ×Rt–2 0.000 0.5 –0.000 –0.7 –0.000 –1.4 –0.000 –0.1
Dt ×Rt–3 –0.000 –0.6 –0.000 –1.6 –0.000 –1.2 –0.000 –1.0
Dt ×Rt–4 0.000 0.4 0.000 1.8 –0.000 –0.4 –0.000 –2.2

F-stat p-value F-stat p-value F-stat p-value

Test λ1 =λ2 0.0 0.957 34.4 0.000 7.3 0.007 0.5 0.467
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