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Abstract

Combining SentiWordNet lexical resources with Harvard IV-4 psychological
dictionary, this paper computes negative sentiment score from the financial news
articles one-month prior to the release of the quarterly earnings announcements.
Within the event study framework, this paper uses negative sentiment score to (1)
predict company quarterly earnings, and (2) to predict stock return including
following daily return, weekly return and monthly return after the quarterly earnings
announcements were released.

Main finding of this paper is that negative sentiment score obtained from the
financial news article forecasts lower company quarterly earning. The relationship
between negative sentiment score is strongest when predicting weekly return, but the
relationship is not significant. It seems to suggest that market prices underreact to
financial news. Lastly, negative sentiment score extracted from the Wall Street
Journal performs the best when predicting stock returns.

KEY WORD: financial news, sentiment score, earning, stock return, prediction
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1. Introduction

Financial news articles from the Financial Times or Wall Street Journal are the main
sources of information for most of the stock market investors as not every one can
observe the company production activities. Due to the development of informational
technology and statistical techniques, such as big data, individual investors can now
easily access the companies’ related news. The description in the news stories can
help investor deduce the situation of the company profit-generating business. After
reading the news article, the investors form their own opinions. With regard to
polarity, these opinions could be divided into three groups: positive, negative and
neutral. Based on these opinions, the investors can form their own trading strategies,
which could potentially influence the stock price in the financial markets. Financial
news now are daily publication, the investors can update their information about a
company on daily basis with the help of these news contents.

Recently, the role of news article in the financial market has grabbed the
attention of both academic researchers and practitioners, there is a growing body of
research demonstrated that the language used in financial news article can help to (1)
provide novel information on company accounting earning and (2) predict the stock
return in the financial market.

This paper follows the methodology of Tetlock et al. (2008), who investigate
whether negative word counts from the financial news stories can predict company
quarterly accounting earnings and stock returns. Although they have found a negative
relationship between them, their measure is not accurate. By using negative word
counts, they assumed that every negative word is equally informative. I improve this
measure by assigning each negative word a negative sentiment score and then
aggregate them to get daily negative sentiment score. By doing this, I can treat each
negative word differently. I can identify to what extent each word shows negative
sentiment.

The main finding of this paper is that this negative sentiment score can predict
the company quarterly earning but I find no relationship between negative sentiment
score and stock return. This is likely due to the measurement error in the calculation

of the negative sentiment score and limited access to the Factiva database.



The remainder of this paper is organized as follows. Section 2 is a brief literature
review of the research on investor sentiment. Section 3 discusses the data. Section 4
discusses the methodology. Section 5 presents the main results of this paper. In
section 6, I will conclude, discuss the limitation of this paper and propose some

directions for future research.

2. Literature Review

Extracting information from all kinds of press and their influences on stock return has
been studied. Some authors focuses on the fincianl news stories. Current good news
can predict positive returns in the future. (Barberis et al., 1998)

Aspired by this momentum effect, Tetlock (2007) analyzed the content from the
“Abreast of the Market” colunmn in the Wall Street Journal and found the negative
relationship between media pessimism and market price following a reversion to
fundamentals. Tetlock et al. (2008) investigated the relationship between qualitative
information in the financial news stories and the stock returns after the quarterly
earnings annoucments were released. Carretta et al. (2011) analyzed how the
communication of information could affect investors’ behavior. They showed that
before corporate news were published, the investors can only judge the type of the
company event. Once the news were made publie, the content of the financial news,
either positive or negative, strong or week can influence the investors’ trading
behavior. Uhl (2011) analyzed Reuters news articles and extracted sentiemnt from
them. They conducted a vector autoregression model to test the predictability of
Reuters sentiment on the Dow Jones Industrial Average stock indes. It is found that
negative Reuters sentiment can better predict the change of stock index than positive
sentiment. Sun et al. (2016) mined texts about all news wires, internet and social
media scources and calculated a high-frequency investor sentiment. They found that
there is a predicitve realtion between this measure and stock market returns as well as
bonds market.

Other kinds of texts, such as twitter messages or stock message boards also
grabbed a lot of attention. Werner and Frank (2004) created an algorithm to calculate

the bullishness of the stock market using the Internet stock message boards. They



found that stock messages have the predictive power on stock market volatility while
only the small effects on the stock returns. Das and Chen (2007) used classifier
algorithms together with voting scheme to extract information from the stock message
boards. They found that message about tech-stocks are closely related to the stock
index level, trading volumes and volatility. Zhang et al. (2012) focused on using
sentiment indexes to predict futur returns. Collecting stock message boards data, they
applied text classifiers to it and found that sentiment index leading to same-day
positive but next day negative stock returns. Sprenger et al. (2014) used twitter
message as the news sources and demonstrated that before good news the returns are
much higher than that before bad news.

This paper is closely related to (Tetlock et al., 2008), who use negative word
counts in the financial news to predict the companies’ earnings and stock returns.
Rather than use the negative word counts, I incoporate the sentiment analysis to
improve the accuracy of this language measure. Im et al., (2014) concluded that there
are two kinds of sentiment analysis. One is lexicon-based approach, which requires a
defined lexicon resource that can be used to compute the polarity of words or phrases
in the document. This method includes both the manually, semi-automatically or
automatically techniques. Another one is machine learning based approach, which
requires a supervised classification technique classify documents to different groups.
The sentiment analysis used in this paper is lexicon-based measure. Another paper
closely related to this paper is Li et al., (2014), who use Harvard IV-4 psychological
dictionary and Loughran-McDonald financial sentiment dictionary as the sentiment
dimension to map word patterns in the finiancial news article and stock price
movements. They represents each word as a vector of sentiment dimension given by
dictionary and sum up the sentiment vectors for each document. Despired by their
calculation, I improve simple negative word counts measure in (Tetlock et al., 2008)
by assigning each negative word show up in the article a sentiment score, which is
directly obtained from the SentiWordNet library. By doing so, I can identify the small

differences of each negative word.



3. Data

3.1 Data Collection

3.1.1 News Data

I concentrate my analysis on 100 companies. My financial news article data range
from 1980 to 2016 and is obtained from the Factiva database. These articles are daily
publication and from various publication sources including the Wall Street Journal,
the Wall Street Journal Online, Business Wire, Reuters News and Financial Times.

Table 1 is an example of the Apple Inc financial news article data.
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Table 1 Apple financial news article data

The financial news article data is composed in five dimensions: news source,
relevance, publication date, content, and headline. Because of the limited access to the

Factiva database, content only includes the first sentence of the financial news. As I



investigate a long period and collect news article from various publication, it should
be enough to extract information from theses texts. The relevance is a series of

companies’ ticker, representing how many companies are mentioned in this news.

3.1.2 Financial Data

I get the daily stock price and number of shares outstanding data from CRSP. I get
quarterly earning data and report date of quarterly earnings announcements from

Compustat. [ also get the market to book ratio from Datastream.

3.2 Independent variable—Daily Negative Sentiment Score

I regard each financial news article as a set of words and extract daily negative
sentiment score from these articles. Figure 2 shows the complete process conducted in
this paper.

I start with Harvard-IV-4 psychosocial dictionary, which consists of two
categories, negative and positive word list. I assume that only words in these two
word lists contain information, while others are not informative. In this paper, I filter
words in the news data only with negative word list as previous studies show that

negative words are more closely related to stock return.

Filtering with Harvard . .
V-4 psvcholo s Getting negative
News data | > dicti Psy gg sentiment score using
(CHONAY IEEative SentiWordNet
word list
ﬁ ggregatmg on daily €— | Tf-1df weighting
asis

Figure 1 Complete process of calculating negative sentiment score

3.2.1 Single Word Score

I map the remaining negative words in the news data to the SentiWordNet to get

the negative sentiment score for each word. SentiWordnet is a lexical resource
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introduced by (Baccianella, Esuli, & Sebastiani, 2010). They claimed that
SentiWordNet is an improved lexical resource especially designed for sentiment
analysis and opinion mining. What is closely related to SentiWordNet is WordNet, a
large database for English words. Each word is shown as a series of synonyms called
synsets in WordNet.! For example, word ‘happy’ has four synonyms (synsets)
according to its different senses, (‘happy.a.01'), (‘felicitous.s.02"), (‘glad.s.02") and
(‘happy.s.04"). Nouns, verbs, adjectives and adverbs are labeled for each word
according to its definition. Different synsets are interlinked based on specific senses
of words. This structure makes it a useful tool for computational linguistics and
natural language processing. By automatically annotating all the synsets in the
WordNet according to the notions of “positivity”, “negativity” and “neutrality”, we
get the result in the SentiWordNet. Each synset is assigned three numerical scores,
Pos(s), Neg(s) and Obj(s), which indicate to what extent this synset conveying the
positive, negative or neutral sentiment. The larger the score is, the stronger the
negative sentiment is. Each score ranges from 0 to 1 and three scores add up to 1.
Different senses of the word thus have different scores. For example The first synset
of word ‘happy’ (happy.a.0l) has a positive score of 0.875, negative score of 0 and

objective score of 0.125.

3.2.2 Headline/Content Score

As mentioned before, news data are composed of headline and content. Each
headline and content is represented as a vector of negative words after filtering. Under
the Tf-idf weighting scheme, I do weighted average for every remaining negative
word in the headline/content to get the headline/content score. The formula of Tf-idf
weighting scheme is shown below:

Tf —idftq = tfeaXidf;

In which, tf represents the term frequency and idf represents the inverse
document frequency. Tf-idf combines the term frequency and inverse document
frequency together. In other words, when a negative word occurs many times in a

financial news article, Tf-idf weighting scheme assigns a higher weight to it. However,

! What is WordNet? https://wordnet.princeton.edu/



when a word occurs in many news articles for a specified company, Tf-idf weighting
scheme would assign a lower weight to it. The final weighting for a word’s sentiment

score is a balance of these two directions.

3.2.3 Article Score
I aggregate headline and content score together to get the article score. I give

different weights to the headline and content.
wh * hss + wc * css

article score =
relevance

In the equation, wh and wc represents the weights of the headline and the content,
hss and css represents the sentiment score calculated from the headline and the
content of the news articles. Following (Im, San, On, & Anthony, 2014), this paper
applies the equal weights of 0.5 for the financial news content and headline to
calculate the final sentiment score for a specified article.

Considering one article could mention several companies, I assume that articles
mention only one company conveys more information than that mention several
companies. The more companies they mention, the less informative to a specified
company. So I divided the sentiment score by the relevance. The relevance represents

the number of different companies mentioned in the certain news.

3.2.4 Daily Score
There are various news related to a particular company per day, so after
calculating the article score of the financial news, I group them to together to get the

daily sentiment score.

3.3 Dependent Variables

This paper uses negative sentiment score extracted from the financial news article to

predict the company quarterly accounting earning and stock return.

3.3.1 Quarterly Accounting Earning
Company quarterly accounting earning is an important dependent variable in this

paper. I measure it with standardized unexpected earning (SUE). I follow the formula
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used in (Tetlock et al., 2008), who use a seasonal random walk trend model originated
by (Bernard & Thomas, 1989).
Firstly, I calculate the unexpected earning in quarter t (UE}):
UE, = Ex — E¢_4
In which, E; represents the company quarterly earning in quarter t. E;_, is the
company quarterly earning in the previous year. For every unexpected earning, I
conducted the standardized process. The standardization is needed if uexpected

earning is not stable.

UE, —
SUE, = tJ HyE,
UE;

where, pyg, and oyg, represents the trend and the volatility of the compnay’s
unexpected earning, which eqaul to the mean and standard deviation of company’s
previous 20 quarters unexpcted earning. The calculation of the standardized
unexpected earnings require that company has no missing data in the previous 20

quarters.

3.3.2 Stock Return

There are three stock returns this paper is going to predict. Figure 2 shows the exact
time point those three stock returns are measured. I define the quarterly earnings
announcements release day as the starting point 0. Three stock returns are daily return
one-day after, weekly return one-week (5 trading days) after and monthly return (20
trading days) after the quarterly earnings announcements were released. The formulas

are shown below:

Following one

Trading Day
|| | | >
0 +1 +5 +20
Quarterly Eamnings  Following 5 Following 20
Announcements Trading Days  Trading Days

Release

Figure 2 Future Stock Return Measuring Points



, Py — Py

Daily Retrun: Return,, = —p
0

Where, P,; represents the stock price one-day after the quarterly earnings

announcements were released, P, represents the stock price on the quarterly earnings

announcements release day.

Pis— Py

Weekly Return: Return, s = P
0

Where, P,s represents the stock price on the day 5 trading days after the quarterly
earnings announcements were released, P, represents the stock price on the quarterly

earnings announcements release day.

P+20_PO

Monthly Return: Return,,, = P
0

Where, P,,, represents the stock price on the day 20 trading days after the quarterly
earnings announcements were released, P, represents the stock price on the quarterly

earnings announcements release day.

3.4 Other Control Variables

Following the event study methodology originated by (Fama et al., 1969), this paper
assesses the influence from the tone of news article on the company quarterly earning
and future stock return. According to (Jegadeesh & Titman, 1993), past return is an
already known factor. The past winner stock, which earns higher return, also gets
higher abnormal return surrounding the earnings announcement. So past return before

the quarterly earnings announcements must be included as control variable.

3.4.1 Past Return

I choose [-252, -21] trading days before the release of quarterly earnings
announcements release as the estimation window. I choose the [-20, +1] as the event
window when predicting following daily return, [-20, +5] for weekly return and [-20,

+20] for montly return as it is shown in figure 3.



Estimation Window Event Window

< >< —> N

-252 -21 0 +1/+5/+20

Figure 3 Estimation window and event window for past return

Abnoraml return is a common measure to represent the past return of a stock.

Abnormal return is calculated as below:

ARy = Ryt — E(Ry)
where, AR;; represents the abnormal return for company i in period t; R
represents the return the company realized during period t; E(R;;) represents the
expected return calculated from the Fama-French three factor model.

The expected return is calculated as below:

E(Ri) = a; + B (Rme — Rye) + BiaSMB, + BisHML, + &
where, Ry,; is the market portfolio return during period ¢. Ry, is the risk-free return.
SMB,; means “small minus big”, which measures the excess return of small compnies
(small capitalization) over big compnies. HML, means “high minus low”, which
measure the excess return of high book-to-market ratio company over low
book-to-market ratio company.

Using [-252, -21] trading days prior to the quarterly earnings announcemnts
release as the estimating period, I can estimate the parameter of the Fama-French
three factor model. Using these parameters I get the expected daily return during the
period [-20, 0]. That is the daily return of the most recent one-month prior the
quarterly earnings announcements release. The expected return for company i of
time t is computed as:

E(Ry) = @ + Biy(Rmt — Rpt) + B2SMB, + BzHML,

Combined with realized return in the past month, I get the abnormal return. as I
want to control the past return [t;,t,] surrouding the release of the quarterly
earnings annoucments, the cumulative abnormal return is more appropriate. The

cumulative abnormal return during the period [t;,t,] is calculated as below:
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t2

CAR(tl'tZ) == ZAR”:

ty
In this paper, I use cumulative abnormal return (CAR_30,—3) from 30 to 3 trading prior,
abnormal return (AR_,) two days prior, abnormal return (AR_;) one-day prior to the
quarterly eanrings annoucements were released, abnormal return (ARg,) on the
quarterly earnings annoucements release day and bnormal return on the previous year
(Alpha_;s5, _31) as control variables to control for the influence from the past return.

Alpha_js, _3, is the constant in the Fama-French three factor model.

3.4.2 Size and Book-to-Market Ratio
I measure firm size as Log (Market Capitalization). Market capitalization equals the

price times the number of shares outstanding. I include book-to-market ratio as

Log(Book/Market) following (Fama & French, 1992).

3.5 Data Description

This section shows some qualitative information about financial news article data and
preliminary investigation on relationship between score and stock return.

Figure 4 shows the relationship between media coverage and quarterly earnings
announcements release. The positive number in the x-axis represents the number of
days that have passed since the last quarterly earnings announcement was released
until the news article was reported. The negative number in the x-axis the number of
days would occur since the news article is released until the next quarterly earnings
announcement would release. The x-axis ranges from -90 to 90 days, representing one
quarter. The y-axis depicts the number of news article reported. It can be seen that the
news are reported surrounded around the earnings announcements release day. Most

of the stories occurred on the earnings announcement release day.

11
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Figure 4 Relationship between media coverage and quarterly earnings announcements release

Taking Apple as an example, figure 5 shows the relationship between negative
sentiment score extracted from the financial news article about Apple and its
following daily return after the quarterly earnings announcements were released. The
negative sentiment score is between 0 and 1 but in this case the score is relative small,
which concentrated between 0 and 0.05. The highest score is 0.07. The change of the
stock return is relative large, which means the stock return is volatile. The highest
stock return is 23.7% and the lowest stock return is -17.2%. From the figure, it is
found that the explanatory power of the negative sentiment score is weak but it really
can predict the stock return at some point because there exists obvious opposite trend.
Because of the large measurement error in the calculation of the negative sentiment

score, it may exist a lot of noise in its final result.
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Figure 5 Relationship between stock return and negative sentiment score

4. Methodology

4.1 Predicting company quarterly earning

I use negative sentiment score to predict company quarterly accounting earning. The
dependent variable is the standardized unexpected earning computed in section 3. The
independent variable is the average daily score among the period [-20, -3] trading
days prior to the quarterly earnings announcements release. [-20, -3] means the
one-month period in the calendar date.

Other control variables include the cumulative abnormal return 3 to 20 days prior,
abnormal return 2 days prior to the quarterly earnings announcements were released,

the abnormal return in the past year excluding the most recent month, standardized
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unexpected earning lagged one quarter, log company size and log book to market

ratio. The regression model is shown below:
SUE = Bo + B1Neg_z0,-3 + B2CAR_»o 3 + B3AR_; + B, Alpha_js5; 51
+ Bs log(Size) + B¢ log(Book /Market) +f,lagged SUE + ¢

I estimate the parameters using pooled OLS regression with clustered standard
errors, following the techniques used in (Tetlock et al., 2008). The standard errors are

clustered based on the calendar quarter.

4.2 Predicting stock return

I use negative sentiment score to predict company future stock returns. The dependent
variable is future stock returns calculated in section 3.2.2. They are the following
daily return, weekly return and monthly return after the quarterly earnings
announcements were released. The independent variable, negative sentiment score is
the same as that in the regression predicting company quarterly earning.

Other control variables are also similar to those in the regression predicting
company quarterly earnings in section 4.1. The differences are that I add another three
variables as additional control variables and delete one. The first two adding variables
are abnormal return 1-day prior to quarterly earnings announcements release day and
abnormal return on the quarterly earnings announcements release day. The
standardized unexpected earning in this case is also included as a control variable and
the standardized unexpected earning lagged one quarter is no longer included. The

regression model is shown below:
StOCk Return = ﬁo + ﬁlNeg_ZO’_3 + ﬁZCAR—ZO,—3 + ﬁ3AR_2
+B1AR_; + BsARy + PsAlpha_;s; 21

+ B, log(Size) +pg log(Book /Market) + BoSUE + €

The estimating techniques are the same as those used in regression predicting

company quarterly earning, described in section 4.1

14



5. Results

5.1 Predicting quarterly earnings

This section investigates whether the negative sentiment score implied in the financial
news article can provide any new insight on firm’s quarterly earnings. Table 2 shows
the results of the OLS regression.

In the Model 1, I only use negative sentiment score and lagged standardized
unexpected earning as independent variables. It can be seen that the negative
sentiment score implied in the financial news article could provide some information
about the company unexpected quarterly earning. The coefficient of the negative
sentiment score is -2.07. The robust t-statistics is -2.08 and it is significant at the 95%
confidence level. It means the higher the negative sentiment score during most recent
month before the earnings announcements are going to be released is, the lower the
unexpected earnings would be reported in the quarterly earnings announcement.
People can collect information about earnings announcements through the financial
news articles. Apart from the sentiment score, Lagged SUE, that is, the unexpected
earning of last quarter can also provide information about this quarter’s earning. The
coefficient of the Lagged SUE is 0.113 and t-statistics is 5.74, which is significant
at the 95% confidence level.

In Model 2, I add the most recent month stock return and the abnormal return in
the past year as additional control variables. They are cumulative abnormal return in
the past month, abnormal return 2 days prior to the quarterly earnings announcements
release and abnormal return in the past year excluding the most recent month. I find
that negative sentiment score is still significant at the 95% confidence level. The
coefficient of it is -1.93 and t-statistics is -1.97. Among the newly added variables, the
cumulative abnormal return during the period [-20, -3] and the abnormal return of the
past year excluding most recent month have the explanatory power for the company
quarterly earning. The higher past return can predict that the earning in this quarter
would be higher.

In model 3, I add another two control variables. They are the company size and
book to market ratio. The predictive power of the negative sentiment score decreases.

The t-statistics of it is -1.51, no longer significant. The predictability of other control

15



variables is the same as that in Model 2. Between the two added variables, the
coefficient of book to market ratio is -0.121 and it is significant at 95% confidence
level. The higher the book-to-market ratio is, the lower company quarterly unexpected
earning. The more a company has growth opportunities, which means lower

book-to-market ratio, the quicker its quarterly earning grows.

Independent variable Model 1 Model 2 Model 3
Ne -2.068 -1.934 -1.367
g-20-3 (-2.08) (-1.97) (-1.51)
. 1 SUE 0.113 0.108 0.104
499¢ (5.74) (5.66) (5.59)
1.194 1.197
CAR 20 -3 (2.19) (2.19)
AR 0.345 1.772
-2 (0.20) (0.89)
121.036 146.400
Alpha257 21 4.77) 4.91)

_ -0.006
log(Size) (-0.26)

. -1.121
log(Size) (-2.67)
Observations 8109 8109 7917
Clusters 143 143 143
Adjusted-R? -0.0005 -0.0157 -0.0280

Table 2 OLS results predicting company earning (robust t-statistics in parentheses)
Among 3 models, the earning in the last quarter can always help to predict this
quarter accounting earning. The past month return is also helpful. The predictability

of the negative sentiment score decreased.

5.2 Predicting stock returns

5.2.1 Predicting following daily return
Table 3 shows the regression results of using negative sentiment score to predict the
following daily return after the quarterly earnings announcements were released.

In Model 1, I only include the negative sentiment score one-month prior and

company quarterly earning (SUE) as the independent variables. From the sign of the

16



coefficients, it is noted that the negative sentiment score lead to decrease in the
following daily stock return after the quarterly earnings announcements were released.
The coefficient is -0.006 but it is not significant. The standardized unexpected earning
obtained from the quarterly earnings announcements can help to predict the following
daily return. The coefficient of it is 0.0004 and it is significant at 95% confidence
level.

In Model 2, past stock returns are included as control variables. There is still no
relationship between following daily stock return and the negative sentiment score,
but past returns can predict following daily stock return. The abnormal return on the
earnings announcement release day can help predicting the return in the following day.
The coefficient here is that 0.066, which means 1% increase of earnings
announcement day stock abnormal return can lead to 0.07% increase of the stock
return in the next day. This is significant at the 95% confidence level. While the daily
abnormal return two trading days before the earnings announcements release predicts
lower stock returns. The coefficient is -0.057 and it is significant at the 90%
confidence level. In addition, the past year abnormal returns excluding most recent
month can also help predicting the stock return. This is consistent with the momentum
effect of article from Jagadeesh and Titman (1993). The coefficient of this abnormal
return is 0.543, which is significant at 90% confidence level. 1% increase in the
abnormal return in the past year means 0.521% increase in the stock return. There still
exists a positive relationship between company quarterly unexpected earning and
stock return. The coefficient of the standardized unexpected earning is 0.0003 and the
t statistics is 2.62, which is significant at the 95% confidence level. The higher the
unexpected quarterly earning is, the higher the following daily stock return would be.

In Model 3, I add firm size and book to market ratio as additional control varable.
This is the same as the regression in (Tetlock et al, 2008) excluding share turnover.
However, unlike the results in that article, there is no relationship between negative
sentiment score and the following daily stock return. Other control variables’ results
are consistent with those in the article and the signs of all the independent variables
are almost the same except the sign of the cumulative return in the past month in this

paper is positive. Abnormal return on 2 trading days before the earnings
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announcements shows predictive power. The coefficient and its t-statistics are -0.070
and -2.39, which is significant at the 95% confidence level. The coefficient of
abnormal return on the earnings announcements release day is 0.068 and it is
significant at 95% confidence level. However, the abnormal return in the past year
excluding most recent month is no longer significant compared to Model 2. For the
company quarterly earning, the standardized unexpected earning still has the positive
predictive power, which is significant at the 95% confidence level. For the company
size and book to market ratio, the relationship between them and the stock return are
both negative, while only book to market ratio is significant at 95% confidence level.
Among all three models, the company quarterly earning helps predicting the
following daily stock return. Although the coefficient of company quarterly earning is
significant at 95% confidence level, it is relative small. Between the model 2 and
model 3, abnormal return two days prior and abnormal return on the quarterly

earnings announcements release day have the impact on the following daily return.

Independent variable Model 1 Model 2 Model 3
Neg-o—s -0.006 -0.005 -0.004
’ (-0.68) (-0.59) (-0.47)
SUE 0.0004 0.0003 0.0003
(3.03) (2.62) (2.52)
0.0007 0.0008
CAR 20,3 (0.07) (0.08)
AR -0.057 -0.070
—2 (-1.94) (-2.39)
-0.008 -0.011
AR (-0.24) (-0.31)
AR 0.066 0.068
0 (4.13) (4.18)
0.543 0.372
Alpha-257 21 (1.72) (0.95)
log(Size) ((?102(5)3
log(Book/Market) (__0203092)
Observations 8200 8196 8002
Clusters 144 144 144
Adjusted-R* -0.0130 -0.0419 -0.0537

Table 3 OLS regression results predicting stock return (robust t-statistics in parentheses)

18



5.2.2 Predicting weekly return
Table 4 shows the regression results of using negative sentiment score to predict the
most recent weekly return after the quarterly earnings announcements were released.
When using negative sentiment score predicting weekly return. I gradually add
control variables as what I do in section 4.3.1. The predictability power of negative
sentiment score on stock return has improved compared to the regression predicting
following daily return, but there still exists no significant relationship. The results
about other control variables are similar to the results in 4.3.1. Only the abnormal
return 2 days prior and abnormal return on the quarterly earnings announcements
release have the impact on the weekly stock return. The company size and

book-to-market ratio in this case have no influence.

Independent variable Model 1 Model 2 Model 3
Ne -0.220 -0.021 -0.022
9-20-3 (-1.49) (-1.41) (-1.44)
0.0007 0.0007 0.0007
SUE (2.82) (2.81) (2.74)
-0.008 0.014
CAR_,, —
203 (-0.52) (-0.83)
-0.167 -0.152
AR (-4.54) (-3.57)
-0.085 -0.084
AR (-2.16) (-2.20)
0.049 0.044
ARo (2.06) (1.88)
-0.050 -0.216
Alpha_ys, _
Pa-252,-21 (-0.10) (-0.33)
. -0.0003
log(Size) (-0.58)
-0.0003
log(Book/Market) (-0.33)
Observations 8193 8189 7995
Clusters 144 144 144
Adjusted-R? -0.0123 -0.0405 -0.0557

Table 4 OLS regression results predicting weekly return (robust t-statistics in parentheses)

5.2.3 Predicting monthly return
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Table 5 shows the regression results of using negative sentiment score to predict the
monthly return after the quarterly earnings announcements were released.

When using negative sentiment score predicting monthly return, I gradually add
control variables as what I do in section 4.3.1. The predictability power of negative
sentiment score on stock return also has improved compared to the regression
predicting following daily return, but it is weaker than predicting weekly return. The
coefficient of the negative sentiment score is not significant. The standardized
unexpected earning calculated from the company quarterly earning announcements

still has the predictive power for the following monthly return.

Independent variable Model 1 Model 2 Model 3
Ne -0.026 -0.026 -0.031
9-20-3 (-0.91) (-0.90) (-1.06)
0.0009 0.0009 0.001
SUE (2.28) (2.20) (2.55)
0.017 0.051
CAR_,, _
203 (0.38) (1.22)
0.017 -0.138
AR (0.12) (-1.28)
-0.082 -0.047
AR (-1.04) (-0.52)
0.065 0.045
ARy (1.51) (1.03)
0.153 0.564
Alpha_,s, _
Pa-252,-21 (0.08) (0.30)
. -0.02
log(Size) (-1.18)
0.002
log(Book/Market) (0.43)
Observations 8140 8136 7945
Clusters 144 144 144
Adjusted-R? -0.0136 -0.0480 -0.0597

Table 5 OLS regression results predicting monthly return (robust t-statistics in parentheses)

5.3 Predicting stock returns on sub groups

In this section, I divided the news article into different groups according to its source,
the Wall Street Journal (WSJ), the Wall Street Journal Online (WSJ Online),

Financial Times, Reuters news and Business Wire. I run regression on these sub
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groups again. Among all the sub groups, the negative sentiment score performs the
best when it is computed based on news article from the Wall Street Journal. While
other regression results are similar to the results when score is computed based on
news article from the Wall Street Online. Therefore, only the regression results using
the WSJ and WSJ Online are shown in table 6.

Model 1 and 2 use news articles from the WSJ while Model 3 and 4 use news
article from the WSJ Online. I regress following daily return on the negative
sentiment score as what I do in section 4.3.1. Although the relationship between
sentiment score and stock return is stronger when predicting the weekly with all
stories, the score from the WSJ performs the best when predicting following daily
return. So the results in the table are the regression results predicting following daily

return.

Independent variable WSJ WSJ Online
P Model 1 Model 2 Model 3 Model 4
-0.011 -0.012 -0.002 -0.002
Neg_zo,—3
(-1.17) (-1.24) (-0.16) (-0.17)
SUE 0.001 0.001 0.001 0.001
(3.83) (3.77) (3.44) (3.17)
CAR_,o_s 0.006 0.027
' (0.5) (1.59)
0.00004 0.042
AR_
z (0.00) (0.73)
0.024 0.129
AR_
! (0.31) (0.96)
0.073 0.099
AR
0 (2.57) (2.97)
0.773 1.359
Alpha_,s, _

Ph-252-21 (2.24) (2.62)
Observations 3760 3760 2476 2476
Clusters 104 104 42 42
Adjusted-R* -0.0141 -0.0562 -0.0429 -0.1476

Table 6 OLS regression results predicting stock returns on sub groups (robust t-statistics in

parentheses)

Model 1 uses WSJ news articles as dataset and only includes the negative
sentiment score and company quarterly earning as the independent variables. The

coefficient of negative sentiment score is -0.011 and t-statistics is -1.17. This result is
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better than that from all stories regression predicting following daily return. Model 2
adds other control variables used in previous section to it. As the influence from the
company size and book-to-market ratio is relative small, as shown in previous section.
The control variables only include the past month stock return. Abnormal return on
the earnings announcements release day and abnormal return in the past year
excluding most recent month can predict the following daily return.

Model 3 uses WSJ online news articles as dataset and only includes the negative
sentiment score and company quarterly earning as the independent variables. The
coefficient of negative sentiment score is -0.002 and t-statistics is -0.16, which is the
smallest. Other results are similar to Model 1 and 2, the coefficients of abnormal
return on the earnings announcements release day and abnormal return in the past

year excluding most recent month are significant at 95% confidence level.

To conclude, among all the regressions above, the sign of the negative score is
constantly negative. It seems suggesting that currently bad news can lead to the future
decrease in the stock return. The predictive power of the negative sentiment score has
improved when predicting weekly return after the earnings announcements were
released. It seems implying that the information in the financial news article needs
time to process and spread. People need a period of time to form their own opinion
after reading the news. So, the information cannot reflect in the current stock price.
Another finding is the predictability of the abnormal return 2 trading days prior to and
abnormal return on the earnings announcement release day. The coefficients of these
two variables are significant at 95% confidence level. The company quarterly earning
can also help predicting future stock return, whatever predicting following daily

return, weekly return or even monthly return.

6. Conclusion

This paper extracts sentiment score from financial news articles occurred one-month
before the quarterly earnings announcements were released and investigate whether
these negative sentiment score can provide information to the company quarterly

earning and predict stock return.
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Firstly, this paper computes sentiment score from the financial news articles.
Using Harvard IV-4 psychological dictionary, I filter the words in the financial news
article headline and first sentence of the content to keep only the negative words that
belong to the negative word list in the dictionary. Then, using the SentiWordNet
library, I get the negative sentiment score about these words and then weighted
headline and content remaining words with Tf-idf weighting scheme to improve the
accuracy of the calculation. Grouping all the news occurred on the same, I get the
daily negative sentiment score.

Secondly, following the event study methodology, this paper uses pooled OLS
regression to investigate the predictive power of negative sentiment score on company
quarterly earning and stock return. For the regression predicting company quarterly
earning, I control the predictability from company last quarter earning and past-month
return. For the regression predicting stock return, I control the influence from the
company quarterly earning and past month stock return. I use negative sentiment
score to predict the following daily return, weekly return and monthly return after the
quarterly earnings announcements were released. I also divided news article dataset
into sub groups according to its source to test which news publication better help
predicting stock return.

The main result of this paper is that negative sentiment score obtained from the
financial news articles can predict the company quarterly earning. There exists a
negative relationship between them. By reading these news articles, people can collect
information about the quarterly earnings announcements of the companies. However,
different from previous study, this paper does not find significant relationship
between news sentiment score and the stock return, but the results of the other control
variables in the regression have the similar results as previous study. In addition, there
indeed exists some opposite trend at some points that we can observe in the figure 4.
So the insignificant result is likely due to the limited access of the financial articles
and the coarse sentiment score measure.

Another result is that the relationship between negative sentiment score and
stock return is strongest when predicting weekly return. It is likely that market prices

underreact to financial news stories, so the information from the financial news article
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cannot reflect in the stock prices rapidly. Lastly, when dividing the financial news
article into sub groups according to their publication source, the negative sentiment
score extracted from the Wall Street Journal can better predicting the stock return.
There are two main limitations in this paper. Firstly, The calculation of the
negative sentiment score in this paper is simple and coarse. I do not take the definition
of the word and the structure of the sentences into consideration. I just simply
aggregate the negative score of all the different senses of a word. So, it is likely that
some of the definition does not fit the meaning in the sentence. I also do not identify
any negation structure in the sentence. Secondly, for the financial news article, this
paper only gets limited access to the Factiva database. So, this paper only analyzed
the headline and the first sentence of the news stories rather than the whole story.
Because of the incomplete information in the news article, the identification of the
tone of some news stories may be incorrect. Future research can focus on the

improvement of this sentiment measure and find more complete financial news data.
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