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Abstract

Using Financial Event Phrases and Keywords to Classify Form 8-K
Disclosures by Likely Share Price Response

Darina M. Slattery

It is generally a greed t hat t here ar e t hree d ifferent t ypes o f financial i nformation:
information in past stock prices, information that is available to all the public, and
information th at is b oth a vailable to th e p ublic and a vailable p rivately to in siders
(Fama 1970; Haugen 1990; Hellstrom and Holmstrom 1998; Elton et al 2003). There
is considerable debate about the possible impact that di fferent kinds of information
can have on the value of financial instruments. On the one hand, the efficient markets
hypothesis (EMH) states that the price of a financial instrument properly reflects all
available in formation imme diately ( Fama 1 970). If's ecurity prices r espond to all
available i nformation q uickly, t hen t he m arket i s d eemed ef ficient an d n o ex cess
profits or returns can be made. On the other hand, fundamental and technical analysts
argue that the market is inefficient because information disseminates slowly through
the market and prices under- or over-react to the information (Haugen 1990).

A number of different data sources, features, goals, and methods have been used to
automatically analyse content in financial documents. However, there has been very
little r esearch u ndertaken i n t he ar ea o f automatic event phrase recognition and
classification of online disclosures. Our research study focuses on content contained
in Form 8-K disclosures filed on EDGAR, a system maintained by the Securities and
Exchange C ommission ( SEC). In our research s tudy, w e d eveloped a pr ototype
automatic financial event phrase (FEP) recogniser and we automatically classified a
small s ample o f8 -Ks by 1 ikely s hare p rice response, u singt he au tomatically
recognised FEPs an d h and-chosen ke ywords a s f eatures. In f our comparative
classification experiments, we used the C4.5 suite of programs and the SVM-Light
support vector machine program. Our datasets comprised 8-Ks filed by 50 randomly-
chosen S&P 500 companies from 1997 to 2000 and 2005 to 2008.

Our research experiments yielded some interesting findings. In an experiment on the
2005 to 2008 dataset comprising 280 8-Ks, C4.5 was able to correctly classify 63.2%
of the “ups’' (as against 58.2% at chance), when using FEPs and keywords. We also
found that C4.5 appears to be better at identifying patterns in the training cases than
SVM-Light, regardless of whether they were ‘ups’ or ‘downs’. W hen we compared
the r esults f rom our F EP e xperiments withth er esults f rom two ba seline
approaches—n-gram classification and Naive Bayes bag-of-words classification—we
found t hat C 4.5 us ing F EPs a nd ke ywords yielded m arginally hi gher ove rall
classification a ccuracy than C 4.5 using n-grams or N aive B ayes b ag-of-words. A
detailed description of the classification experiments is provided in the thesis, along
witha d iscussiono fth es trengthsa ndli mitationso fth er esearchs tudy.
Recommendations f or f uture w ork i nclude f urther r efinement o ft he F EPs a nd
keywords, classification of 1 arger da tasets,a ndi ncorporation of a dditional
classification variables beyond financial event phrases and hand-chosen keywords.

' By ‘ups’/ ‘downs’ we mean 8-Ks that had an increase/ decrease in share price around the filing date.
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Glossary of Financial Terms

Abnormal return
The difference between the expected (normal) return on an investment and the

actual return. The normal return is due to market-wide influences.

Annret
The percentage share price return around the announcement date. For a three-
day window (days t+1), the annret is calculated as follows: ((Pt+1)/(Pt-1))-1,

where P stands for the closing share price.

EDGAR
The Electronic Data Gathering, Analysis, and Retrieval System. The EDGAR
system is maintained by the Securities and Exchange Commission (SEC) and
provides free publ ic access t o ¢ orporate i nformation, i ncluding Form 8§ -K

disclosures.

Excess return
Return from an i nvestment t hat e xceeds some be nchmark or index with a

similar level of risk. Also known as the alpha.

Going-concern
A company that has sufficient resources to enable it to continue to o perate

indefinitely and not go bankrupt.

Rate of return
The a mount of r evenue ( interest or di vidend)t hati s g eneratedb ya n

investment, shown as a percentage of the original capital invested.

Round-trip
This is when an investor takes a particular position and then closes it later. An
example of a round trip is when an investor buys a futures contract and then

sells it. Also called a round turn.
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Securities and Exchange Commission (SEC)
The US federal agency created by the S ecurities E xchange Actof 1934 to
enforce f ederal securities laws. T he S EC i s c harged w ith pr omoting the
disclosure of 1 mportant m arket-related information, pr otecting i nvestors

against fraud, and maintaining fair dealing.

Spread
The difference between the bid and ask (offer) prices for an asset. T he bid-
ask spread is the difference between the highest price a buyer is willing to pay

and the lowest price a seller is willing to offer.

Standardised unexpected earnings (SUE)
The difference between the median o f the analysts’ forecasts and the firm’s

actual earnings per share, scaled by a normalisation factor (Engelberg 2008).

Switching portfolio/ strategy
An in vestment s trategy w hereby i nvestment f unds ar e s witched b etween
bonds and shares, depending on whether the excess return is likely to increase

or decrease.

Transaction costs
Any c osts i ncurred w hen bu ying o r s elling s ecurities. Costs may in clude

brokers’ commission fees and the bid-ask spread.

Volatility
A m easure o f't he s tability ( or ot herwise) of a s ecurity. H ighly-volatile
securities ar e co nsidered h igh-risk as they may perform very well or very

poorly.
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Chapter 1: Introduction

1.1 Outline

We be gin t his ¢ hapter by explaining the m otivation f or our r esearch. W et hen
describe our primary and s econdary research o bjectives, out lining a ny unde rlying
assumptions w e m ade. O ur i ntroduction ends w ith a s ynopsis of t he r emaining

chapters.

1.2 Motivation

Whilst it is th e general ¢ onsensus a mongst i nvestment a nalysts a nd i nvestors t hat
financial n ews impacts share p rices, ad vocates of t he ef ficient m arkets h ypothesis
would a rgue t hat publ icly-available financial i nformation ¢ annotb e us ed f or
prediction purposes. E ven if short-term profits can be made, they would argue that
no-one w ill be a blet o consistently outperform t he m arket us ing f undamental
information about a company (Malkiel 2007). Nonetheless, this latter debate has not
lessened the enthusiasm of those wishing to find the perfect investment solution. In
addition, many who believe that information has a predictive power differ in opinion
regarding how long it takes for the market to digest news. Fama (1991) reported that,

on average, stock prices “adjust within a day to event announcements” (p.28).

A significant amount of research to-date has focused on time series prediction (see,
for example, Tay et al 2003 for a good review). However, with the massive increase
in textual information that is now available online, more recent studies have focused
on t he 1 anguage o f financial r eports and ne ws. T he goals of t hese s tudies ha ve
included narrative analysis, quantitative and qua litative analysis of c ontent, writing
style and t one analysis, t hematic an alysis, ef fectiveness an alysis, p erformance an d
readability analysis, po sitive a nd ne gative w ord a nalysis, a nd m arket s entiment
analysis (see Section 2.3 for a discussion of some relevant studies). In Chapter 3, we
describe studies that used automatic methods for content analysis and classification of
financial do cuments. T hese studies us ed various data s ources, examined d ifferent

features, had different goals, and used different methods.
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Previous r esearch unde rtaken b y Slattery et al (2002) investigated Form § -K
disclosures and the potential for using five-word compound phrases to automatically
predict s hare p rice r eactions to those 8 -Ks; this early research has since ledusto
explore the area of automatic event phrase recognition in 8-Ks, an area not previously
explored in other research. We chose Form 8-Ks because they must be filed within a
few days of certain material events and they are not as susceptible to noise as other
online sources. 8 -Ks also provide more content for analysis, unlike news headlines
(see, for ex ample, Thomas 2003 ) a nd m essage boa rds ( e.g. Antweiler an d F rank
2004). W e decided to examine and recognise event phrases because the majority of
other s tudies e xamined s ingle w ords (e.g. Tetlocketal2008)orothertypesof

keyword records and phrases (e.g. Gillam et al 2002).

This thesis describes (1) the development of a prototype financial event phrase (FEP)
recogniser t hat c ould be us edb yi nvestorsa nd a nalystsi nt heirt oolbox to
automatically analyse 8 -Ks and (2) the classification of 8 -K di sclosures by likely
share price response (up or down) using those FEPs and other features as input. We
also compare the results from the FEP experiments, with two baseline approaches—

n-gram classification and Naive Bayes bag-of-words classification.

1.3 Research Objectives

The p rimary objective of this project w as t o i nvestigate i fthe us e o f F EPs, and
possibly other features, could be used to automatically classify Form 8-Ks by likely
share price response (up or down). Before we could automatically classify 8-Ks, it

was necessary to automatically recognise FEPs in those disclosures.

We did not aim to prove that the efficient markets hypothesis holds true or that FEPs
are t he s ole cau se o f's hare p rice ch anges; r ather, w e w anted t o 1 nvestigate t he
potential usefulness of F EPs, and pos sibly other features,in th ea utomatic

classification of 8-Ks.



A number of assumptions underlie our research:

The market is not fully efficient. Prices do not always fully reflect all available
information immediately.

There 1 s s ome v alue in fundamental d ata filed in 8 -Ks (i.e.therecanbea
correlation between 8-K content and share price changes around the filing dates).
Prices adjust within a day (Fama 1991) to news filed in Form 8-K disclosures.

All companies are equally affected by external factors (we do not control for other
variables).

Firms voluntarily disclose positive news, even when they are not legally obliged
to do so (Skinner 1994).

Positive or good news is easier to classify automatically than negative news, as
the latter is often disguised in the midst of positive news. Even though positive
news is often provided voluntarily (see previous assumption), we do not assume
that this reduces the impact of positive news, as compared to negative news.

Firms only disclose ne gative news when they are legally obliged to do so (Liu

2000).

In a ddition t o our pr imary obj ective, w ¢ a Iso w ished t o explore a num ber of

secondary objectives or questions:

Are 8-Ks with an increase in share price around the filing date (hereafter referred
to as the ‘ups’) easier to classify than 8-Ks with a d ecrease in share price (the
‘downs’)?

Are 8-Ks filed after the 2004 SEC rule changes easier or more difficult to classify
than 8 -Ks filed be forehand? 1In 2004, t he S EC br ought out ne w r egulations
specifying additional items that must be disclosed in 8-Ks (see Section 4.2 for a
breakdown of Form 8-K items) and they also reduced the filing deadline from ten
to four days.

Using our prototype FEP recogniser, are more event types recognised post-2004?

Do certain event types occur more frequently in the ‘ups’ or ‘downs’?



1.4 Guide to Other Chapters

Chapter 2—Efficient Markets, the Language of News, and Market Reactions—briefly
introduces various t opics r elated t o financial a nalysis, i ncluding t ypes o f financial
securities, types of markets, popular measures for determining the value of a financial
instrument, and types of financial i nformation. The chapter then provides a more
detailed overview of the literature in key related areas: market efficiency theory and
investment analysis, the language of financial reports and news, and the relationships

between information, financial events, and market reactions.

Chapter 3 —Automatic A nalysis and C lassification o f F inancial D ocuments—is the
second literature review chapter. T he chapter begins with an overview of automatic
text c lassification and c ategorisation me thods. It then 1 ooks s pecifically at s tudies
that used automatic techniques to analyse the textual content of financial documents,
as we also used automatic techniques for this purpose. As the data sources, features
examined, g oals, and m ethods e mployed varied in these s tudies, w e first d escribe
studies that used single words, and possibly other features, for the automatic content
analysis of financial documents. W e then discuss studies that used keyword records
and phrases, but not single words, for analysis. Finally, we describe studies that used
financial ratios and variables. W e do not discuss literature on financial time series

prediction, as that is beyond the scope of our research.

Chapter 4 —Events in F orm 8 -K D isclosures—presents t he r ationale f or ¢ hoosing
Form 8 -K disclosures as our research data. W e briefly ex amine the Securities and
Exchange C ommission’s | egal r equirements regardingt he f iling of ¢ orporate
disclosures and then discuss the features of 8-Ks in detail. We then outline some of
the f eatures of t he E lectronic D ata G athering, A nalysis an d R etrieval ( EDGAR)
system, which hosts 8-Ks. W e describe the characteristics of our datasets in detail,
before exploring the causal effect of 8-K disclosures in various windows. Finally, we
explain how we identified the financial event phrases (FEPs) that were subsequently

used to recognise events in 8-Ks.

Chapter 5—Automatic Analysis of Financial E vents in 8 -K Di sclosures—describes

how w e de veloped ou r prototype FEP r ecogniser an d o utliness omei ssues
4



encountered w hen de veloping the recogniser. W e then present an overview of the
features of the recognised output in each of the two main datasets, using automatic
pattern analysis techniques. W e then discuss the features of both datasets together,

with a view to identifying possible trends or patterns in the ‘ups’ and ‘downs’.

Chapter 6 —Automatic Classification o f 8 -K D isclosures u sing Various D ocument
Content Features—presents the results from various experiments which used different
methods ( decision t rees, support ve ctor m achines, and N aive B ayes), aswellas
different content features (FEPs and keywords, n-grams, and a bag-of-words) for the
classification of 8-Ks by likely share price response. After we present the results, we

analyse and discuss the findings from each set of experiments.

Chapter7—Conclusions a nd R ecommendations—presents a s ummary of our k ey
findings. W e outline the s trengths and weaknesses of our approach and hi ghlight
some important contributions of our research. Finally, we recommend areas worthy

of future research.



Chapter 2: Efficient Markets, the Language of

News, and Market Reactions

2.1 Outline

In the first section of this chapter, we will briefly introduce various topics related to
financial analysis. T hese topics will include types o f financial s ecurities, types of
markets, popular measures for determining the value ofa financial instrument, and
types of financial information. The remaining sections will provide a m ore detailed
overview o ft he | iterature i n ke y related areas. Section 2.2 w ill di scuss m arket
efficiency theory and investment analysis, S ection 2.3 will describe various papers
which ex amined the 1 anguage of financial r eports and ne ws, and S ection 2.4 w ill
outline relationships be tween i nformation, financial events, and m arket reactions.

Finally, Section 2.5 will provide a summary of this chapter.

There are many types o f financial s ecurities, including co rporate s tocks or equities
(e.g. preferred stock and common stock), government bonds (e.g. treasury bills and
treasury not es), ¢ orporate s ecurities ( e.g. de benture bonds and c onvertible bonds ),
options, warrants, and forward and futures contracts (Haugen 1990; Elton et al 2003).
Some financial securities can have a fixed income (e.g. government bonds) whereas
others can have a variable income (e.g. company common stocks). Our research is

concerned with corporate stocks.

There are two types of markets — primary markets and secondary markets (Elton et al
2003; Haugen 1990; O'Loughlin and O 'Brien 2 006). S ecurities are initially sold on
primary markets, such as the Federal Reserve in the US, either by the government or
by a company that wishes to fund capital investment, and then later bought and sold
by investors on s econdary markets such as the New Y ork Stock Exchange (NYSE),
the London Stock Exchange (LSE), or the Irish Stock Exchange (ISE). The NYSE is
the largest secondary market exchange in the US. T o be traded on a n exchange, a
company m ust be 1isted ont hat e xchange. Listing d epends on va rious f actors
including the size of the company and former profits (Elton et al 2003 ; O'Loughlin

and O'Brien 2006). Unlisted stocks, on the other hand, have to be traded in an over-
6



the-counter market (OTC). The NYSE has an automated system that lists all the OTC
securities; th is s ystem is ¢ alled th e N ational A ssociation o fS ecurity D ealers
Automatic Q uote S ystem ( NASDAQ). O riginally t his s ystem was not a t rading
system—only an electronic information system—but it has since become the second

largest stock market exchange in the US.

The p erformance o fi nvestments can b e co mpared w itht he o verall m arket
performance using stock market indices, such as the Standard and Poors (S&P) 500
index inthe US, the ISEQ Overall index in Ireland, and the FTSE 100 inthe UK
(O'Loughlin and O 'Brien 2006 ). Our r esearch uses the S &P 5001 ndex t o a void
industry bias, as this index comprises 500 | eading c ompanies in the US e conomy,

across a broad spectrum of industries.

Typically, investors and analysts use statistical measures to determine the value of a
particular financial investment. The most common measures include volatility which
measures the standard deviation of the closing price from its average value in the past
few da ys/hours/minutes; the moving average; and the return value which measures
the difference between the value of the instrument at time t-1 and at time t (Ahmad et
al 2003). Another measure that has been used in more recent times is the frequency
of occurrence of sentiment indicators (e.g. see Ahmad et al 2003 in Section 2.3). Our

research study uses a version of the return value.

It is generally a greed t hat there are t hree di fferent t ypes of financial i nformation:
information in past stock prices, information that is available to all the public, and
information th at is b oth a vailable to th e p ublic and a vailable privately t o i nsiders
(Fama 1970; Haugen 1990; Hellstrom and Holmstrom 1998; Elton et al 2003). There
is considerable debate about the possible impact that different kinds of information
can have on the value of financial instruments. For example, the theory of market
efficiency, o r t he ef ficient m arkets h ypothesis ( EMH), s tates t hat t he price o fa
financial in strument p roperly reflects a Il a vailable in formation imme diately (Fama
1970). If security prices respond to all available information quickly, then the market
is deemed efficient and no excess profits or returns can be made. Even though the

EMH has many advocates, investment analysis is still a thriving and, oftentimes, a
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profitable industry. The two main kinds of investment analyst — fundamental and
technical — would argueth atth e ma rketis in efficient because information
disseminates s lowly t hrough t he m arket an d p rices u nder- or ov er- reactt ot he
information (Haugen 1990). In Section 2.2, we will further explore the two sides to
the d ebate, firstly by discussing the two kinds of investment analysis and thenby

discussing the EMH in more detail.

2.2 Investment Analysis or the Efficient Markets
Hypothesis?

Fundamental an alysis involves e valuating the value of a financial i nstrument using
quantitative and qualitative content derived from company financial statements, news
stories, analysts’ reports, and m essage forums. R elevant fundamental ¢ ontent c an
include r atios a nd variables s uch as t he e arnings per s hare (EPS), ne t pr ofit, and
trading volume (e.g. see Reinganum 1988; Ou 1990; Francis et al 2002; Lam 2004;
Thomsett 2007) as well as announcements relating to company policies and possible
structural changes (see Section 2.3 for a review of some studies which examined the
language of financial reports and news as well as Chapter 3 for a d etailed review of
studies that involved automatic content analysis of financial documents). Frequently
used online news sources include Barrons®, Bloomberg; Raging Bull, Reuters, Silicon
Investor, the Motley Fool, the Financial Times, the Wall Street Journal, and Y ahoo!
Finance. O ther s ources of quantitative and qualitative information i nclude onl ine
financial an alysist ools, s uch as Datastream3, Dow J ones Ne ws An alytics,
MarketScope Advisor, and VectorVest, and online databases, such as the Sageworks
Database Platform* and the Securities and Exchange Commission’s EDGAR system.
EDGAR hosts crucial corporate filings such as the annual Form 10-K and in terim
Form 8-K reports. Our research focuses solely on qualitative content found in Form

8-K reports for reasons outlined in Chapter 4.

2http://online.barrons.com/home-lz)age; http://www.bloomberg.com/; http://www.ragingbull.com;
http://www.reuters.com; http://siliconinvestor.advfn.com; http://www.fool.com;
http://www.ft.com/home/europe; http://www.wsj.com; http://finance.yahoo.conm/;
*http://online.thomsonreuters.com/datastream/; http://www.dowjones.com/product-news-analytics.asp;
http://www.marketscope.com/; http://www.vectorvest.com/products.htm
4https://www.sageworksdatabase.com/productoverview.aspx; http://www.sec.gov/edgar.shtml
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Technical an alysis, on t he other hand, involves evaluating time s eries p atterns and
trends r elating t o pr evious pr ices of t he f inancial 1 nstrument a nd t he vol ume of
trading, with a view to predicting future prices and volumes. Time series is beyond
the s cope of our re search and it has al ready b een r esearched ex tensively (e.g. see
White 1988, Andersen and B ollerslev 1998a, Andersen and B ollerslev 1998b, and

Lam 2004 for some relevant studies).

There are three forms of the efficient markets hypothesis (EMH): the weak form, the
semi-strong form, and t he s trong form ( Fama 1 970; Haugen 1990 ; Hellstrom and
Holmstrom 1998; Elton et al 2003; Malkiel 2007). Each form of the EMH deals with
a di fferent t ype of financial i nformation, a s out lined in S ection 2.1 . W hilst our
research is only concerned with the second type (i.e. qualitative information that is
available to all the public in Form 8 -K reports) and assumes that the market is not
fully ef ficient, we must still consider the three forms of the EMH and the various

debates that surround them, because they may help explain our findings.

Analysts w ho b elieve th e E MH u se s tatistical te sts to s how th at th e r elevant
information has no predictive power. Tests of the weak form assume that past prices
cannot be used to predict future prices; in other words, they assume that t echnical
analysis 1 s us eless be cause prices move ina random w alk fashion (Fama 1965).
Malkiel (2007), a proponent of the random walk theory’, elaborates further by saying
"the history of stock price movements contains no useful information that will enable
an i nvestor ¢ onsistently t o out perform abu y-and-hold s trategy in m anaging a

portfolio" (ibid, p.132). He argues that the transaction costs® associated with trying to
take advantage of any minor trends that might be identified, will be greater than any

profits that could be made.

> Lo and MacKinlay (1999) said that while the EMH and random walk theory are often viewed as
closely related, unpredictable prices do not automatically arise from an efficient market with rational
investors; | ikewise, p redictable p rices d o n ot a utomatically a rise f rom a n i nefficient market with
irrational investors.

® Transaction co sts, such as broker c ommissions, arise w hen an i nvestor buys orsells a financial
instrument.



Tests o f't he se mi-strong form o f the h ypothesis as sume t hat s tock p rices al ready
reflect not only past time series, but also information in publicly available company
reports and information in government (macro) announcements (Fama 1970; Malkiel
2007). Numerous company-related characteristics have been linked to excess returns,
including th e "size e ffect" ( Banz 1981 ), book -to-market v alue ( Fama a nd F rench
1992), and earnings/price ratio (E/P ratio) (Basu 1977). However, if one assumes that
the semi-strong form of the hypothesis is true, technical analysis of previous patterns
will not prove useful; likewise, a fundamental analysis of company s tatements and
other s ources of publicly available ne ws a bout t he co mpany will not yield ex cess
returns because both buyers and sellers have access to the same information and will
reassess the value of the security accordingly. Occasionally buyers may assess the
impact of the news quicker than others and therefore they might be able to buy at a
low p rice; likewise, others may take | ongert o di gestt he i nformation a nd w ill
probably pay a higher price (Elton et al 2003). Either way, advocates of the EMH
believe t hatnoon ew illbe a blet o consistently outperform t he m arket us ing
fundamental in formation (Malkiel 2007 ). Whilst our r esearch assumes t hat t he
market is inefficient to some extent, we do not aim to prove or disprove the EMH;
rather, we are attempting (1) to identify financial event phrases in 8-Ks and (2) to use

them in classification experiments to predict the likely share price response.

Tests o f th e s trong f orm o f th e h ypothesis a ssume th at p rices ta ke a 1l a vailable
information i nto a ccount, including "inside" o r pr ivate i nformation ( Fama 1970 ;
Malkiel 2007 ). Obviously, o nly certain p eople can h ave ac cesst ot his 1 atter
information and they tend to act on that information as soon as they receive it, with a
view to making excess profits, e ven though this is against the law. P rices quickly
reflect th is in formation, s 0 advocates consider this t he m ost e fficient form of the
model. In reality, n o security an alyst can co nsistently r ely onr eceiving i nside
information and even ifan analyst does earn e xcess returns, one cannot be sureif
these were generated due to the inside information, chance, or simply superior use of

publicly available information (Fama 1970; Elton et al 2003; Malkiel 2007).

In his 1970 s tudy of theory and empirical evidence, Fama found that the weak and

semi-strong forms w ere reasonably sound. H owever, he suggested that the s trong
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form of the hypothesis should probably be used only as a "benchmark against which
deviations from market efficiency... can be judged" (Fama 1970, p.415). Whilst zero
transaction ¢ osts a re h ighly u nlikely in r eality, and ma ny a rgue th atitis a

fundamental flaw in Fama’s theory, he found it useful to be able to ignore transaction
costs when comparing the di fferent forms of the model. Instead, he became more
concerned with the meaning of " properly reflects" in the standard de finition of the
hypothesis and said that it could really only be tested in conjunction with some other
equilibrium p ricing mo del that defines t he m eaning of the word "properly". In a
subsequent study over twenty years later, his focus changed even more. Instead, his
goal was to show that market efficiency theory can be useful when trying to describe
the be haviour of returns—in other w ords, he was I ess i nterested i n p roving ho w
precise the model was (Fama 1991). Whilst our research assumes that prices do not
always fully reflect all publicly available information, the EMH might go some way

to explain the various findings from our experiments (see Chapter 6).

In a subsequent study, Fama (1991) modified some of the EMH classifications. Tests
of the weak form hypothesis became known as ‘tests of return predictability’ and they
now cover a wider area. Tests of the semi-strong form hypothesis are now referred to
as ‘event studies’ or ‘studies of announcements’ and tests of the strong form are now
referred to as ‘tests for private information’. Concerning return predictability, most
of the controversy about market efficiency centres on this form of the model. Fama
found that work on short-horizon stock returns was still similar to earlier work but
more precise than newer research on long-horizon stock returns (Fama 1991). With
regard to event studies, Fama summarised some of the main event study findings in
his 1991 pa per (see Section 2.4) and concluded that event studies "can give a clear
picture of the speed of adjustment of prices to information"’. Our research examines
events in Form 8-K disclosures and explores closing price market reactions within a
three-day window (t-1 to t+1, where t is the 8-K filing date). With regard to tests for
private information, he concluded that it is difficult to measure abnormal returns over
long periods and to decipher what ex actly caused those abnormal returns. H e also

said t hat t here ha s be en a m arked i ncrease i n t he num ber of pr ofessional f und

7 See also MacKinlay (1997) for a review of event studies in economics and finance.
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managers w ho follow passive strategies, w hich suggests that private information is

not as abundant as previously thought.

Malkiel ( 2007) proposed five factors that he b elieved h elp ex plain w hy s ecurity
analysts ( both fundamental a nd t echnical) e ncounter di fficulties w hen t rying t o
consistently predict the future (ibid, pp.155-156):

e The impact of random events.

e C(Creative accounting procedures, which can lead to misleading reports.

e Incompetent financial analysts.

e The loss of the best analysts to other investment roles.

e Conflicts of interest between analysts and their employers (e.g. banks).

The impact of random events and creative accounting procedures are po ssibly two

reasons for some of our findings (see Chapter 6 for a detailed discussion).

Even though the EMH has been widely debated in academic circles and it has greatly
influenced real-world practice (Fama 1991), it is still in the interests of investment
analysts to convince others that the market is inefficient. M any like to propose that
they can id entify and in terpret u seful in formation in a more e fficient m anner th an
others, using technical and/ or fundamental analysis, and that they can act quickly on
it to generate ex cess returns (Hellstrom and Holmstrom 1998). Lo and MacKinlay
(1999) argued that markets are predictable to some extent but that the predictability
comes with its own costs; there is always a trade-off between risk and return. They
argued t hat the E MH is an insufficient h ypothesis that really n eeds t o t ake o ther
hypotheses into account; possible hypotheses could relate to investor preferences, the

structure of the information, and the business conditions.

Brunnermeier (1998) examined how traders with inside or private information signals
attempt to manipulate the price with a view to enhancing the informational advantage
when t he i nformation i s 1 ater r eleased t o t he public. If ot her t raders ¢ onduct a
technical analysis after the announcement is made, they will probably make incorrect
inferences ab out t he v alue o ft he an nouncement as t he ea rly-informed trader h as
already manipulated the price by buying on rumours and selling on news. The early-

informed trader can better interpret the past price as he/she knows the extent to which
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the price already reflects the new public information. T hese traders trade for both
manipulative and speculative reasons. Prices react to all this buying and selling, not
just to the original information. Bagnolietal (1999) compared earnings forecast
"whispers" from various online sources with the forecasts from First Call analysts and
found t hat w hispers t ended t o be m ore a ccurate pr oxies t han F irst C all f orecasts,
when they examined the returns that c ould possibly have been yielded (an average
size-adjusted ¢ umulative r eturn of 2.90 % vs . 1. 03%). T hey also found t hat t he
whispers tended to overestimate earnings w hereas the First Call analysts tended to
underestimate earnings. W hilst the First Call estimations tend to be released much
earlier than the whispers, they found that the whispers tended to have a slight timing
advantage; t his a dvantage w as w eakened, how ever, w hent hey us ed F irst C all
estimations that were released closer to the earnings announcement than the whispers.
In addition, they found that information tends to flow from whispers into the price,
not the other way around, which suggests that whispers from various online sources

are timely sources of information.

Some c ritics o fth e E MH p roclaim th at th e theory s tates th at stock p rices ar e
insensitive t o ¢ hanges 1 n f undamental i nformation; Malkiel ( 2007) arguestot he
contrary by saying that the EMH means that "the market is so efficient—prices move
so qui ckly w hen i nformation a rises—that no one canbuy or sell fast enoughto
benefit" (ibid, p.174). Nonetheless, a v ariety o f patterns have emerged in the p ast
thirty years or so, which apparently seem to contradict the EMH; patterns include low
returns on M ondays compared to other days in the week and high returns in January
compared to other months in the year. A discussion of these patterns is beyond the
scope o f this research but ar eview o f's everal debatable p atterns canbe found in

Malkiel (2007).

Even though methods such as neural networks and genetic algorithms have been used
widely for prediction purposes in recent years (see Yoo et al 2005 for areview of
some r ecent de velopments i n's tock m arket pr ediction m odels), Hellstrom a nd
Holmstrom ( 1998) statet hatt he ex istence o ft hese n ewer methods doe s not

necessarily contradict the EMH—they say that it just depends on w hether or not all

interested parties adopt these new methods for prediction purposes. In other words, if
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everyone adopts a particular prediction method, then we must assume that no-one has
any advantage over anyone else. Even though he supports the EMH, Malkiel (2007)
also supports this view — "as more and more people use it, the value of any technique
depreciates. N o buy or sell signal can be worthwhile if everyone tries to act on it
simultaneously" (ibid, p.107). To-date, there has been very little research undertaken
in the area of automatic event phrase recognition in online financial reports; to that
end, our research study describes (1) the development of a prototype financial event
phrase (FEP) recogniser that could potentially be used by investors and analysts to
automatically analyse online disclosures and (2) the classification of disclosures by

likely share price response (up or down) using those FEPs and other features as input.

As our research assumes that publicly available information can have an impact on
stock returns, the remainder of this chapter will provide a more detailed overview of
the 1 anguage o ff inancial r eports a nd n ews (Section 2.3) a ndt he impact of

information and events on returns (Section 2.4).

2.3 The Language of Financial Reports and News

Numerous researchers have analysed the language in annual and interim reports and
news articles, for various reasons, including narrative analysis (Beattie et al 2 004),
quantitative and qualitative analysis of content (Back et al 2001; Kloptchenko et al
2004), writing style and tone analysis (Kloptchenko et al 2004; Feldman et al 2008;
Loughran e ta 12008 ), t hematic an alysis ( Kohut a nd S egars 1992 ), e ffectiveness
analysis ( Segarsa nd K ohut 2001 ), performancean d readability an alysis
(Subranamiam et al 1993 ; Loughran and M cDonald 2011a; Li 2008), positive and
negative w ord analysis ( Hildebrandt and S nyder 1981 ; Thomas 1 997), market
sentiment analysis (Gillam et al 2002; Ahmad et al 2003 ; Ahmad et al 2005; Devitt
and Ahmad 2007; Daly et al 2009), and summary generation (de Oliveira et al 2002).
This section provides an overview of various studies, but the data sources, document
features examined, g oals,a nd m ethods—which were q uite v aried—are first
summarised in Table 2.1. Changes in research goal are highlighted in bold type, to
aid scanning. A discussion of the main findings from each of the studies will follow

the table.
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Author Page Data Sources Document Goal Methods
Number Features
Examined
*Developed a four-
. dimensional framework for the
Narrative . .
. . - coding/ content analysis of
. Various sections . analysis to - . . .
Beattie et al Text units narratives (time orientation,
17 from annual measure the . .
(2004) (phrases). . financial/non-financial
reports. quality of . . e
. orientation, quantitative/non-
disclosures. I . .
quantitative orientation, and
topic and sub-topic categories).
*Used self-organising maps
Varlogs types of Quantitative and o (SOMS) ‘Fo compare
financial o Quantitative quantitative and qualitative
qualitative data s
Back et al 18 documents from (words and qualitative | data.
(2001) the Green Gold ’ content *Three SOMs were generated
. . , | sentences, and .
Financial Reports aragraphs) analysis. to compare the data: a word
database. paragrapis). map, sentence map, and
paragraph map.
Quantitative and
ggﬁgr?ttl;ﬁal sis *Used a SOM to analyse
Kloptchenko 19 Quarterly reports Quantitative and SIS quantitative data and
et al (2004) (online). qualitative data. Writing style prototype matching to analyse
qualitative data.
and tone
analysis.
The Management
Discussion and Writing stvle *Examined changes in tone by
Feldman et al Analysis (MD&A) &5ty counting the frequencies of
19 . Words. and tone o )
(2008) section of . positive and negative words.
. analysis.
disclosures.
" . o
Form 10-K Writing style Exammgd eth1cs related
Loughran et 20 disclosures Terms (phrases). | and tone terms fo identify types of
al (2008) ’ p ’ . firms that tended to use such
analysis. o >
terms e.g. for ‘sin stocks’.
*Examined themes and
technical characteristics to
examine corporate
Technical communication strategies.
characteristics *Independent researchers
Kohut and ' ’ (word count, Performance coded letters. on a sentence-by-
Presidents’ letters | number of : sentence basis, by theme.
Segars 20 . and thematic M RS
in annual reports. sentences, . Used stepwise discriminant
(1992) analysis. . .
number of analysis to determine most
syllables per discriminatory theme, and
word, etc.). statistical methods to identify
differences in communication
strategies of low- vs. high-
performing firms.
*Devised measures for
Segars and CEQ’s letters to Effectiveness evaluating the effectiveness of
Kohut (2001) 23 shareholders in Writing style. analysis. the letters (credibility,

annual reports.

efficacy, commitment, and
responsibility).
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Subranamia CEO?’s letters to Performance . .
. . - *Examined the readability of
m et al 23 shareholders in Writing style. and readability
. the reports.
(1993) annual reports. analysis.
Performance % . s
Li (2008) 23 Annual reports. Writing style. and readability Examined the readability of
. the reports.
analysis.
*Computed the readability of
Loughran Technical 10-Ks using both the Fog
. Performance index and simple word count.
and Form 10-K characteristics o -
23 . and readability *Used regression analyses to
McDonald disclosures. (word count, . . o .
(2011a) readability) analysis. link readability with analyst
’ dispersion and standardised
unexpected earnings (SUE).
* American and German
participants identified positive
and negative words.
*Participants used these lists
Hildebrandt Letters to Positive and of positive and negative words
and Snyder 24 stockholders in Words. negative word | to manually classify letters as
(1981) annual reports. analysis. positive, negative, or neutral.
*Also examined the number
of positive and negative words
in financially-good and bad
years.
. Positive and *Examined transitivity and
Technical . . .
.. negative word thematic structures in the
characteristics . -
Management . analysis to letters by examining the
Thomas . (passive . . .
25 letters in annual . identify number of passive verb
(1997) constructions, , .
reports. verbs. agents management’s constructions, process verb
» AgeNS, motivations and | types, human vs. non-human
themes, etc.). L e
priorities. participants, and themes.
*Used SystemQuirk to analyse
frequency of occurrences of
good and bad news terms.
*Plotted the good and bad
. Market news items as a time series of
Gillam et al Reuters news . )
(2002) 27 articles Words. sentlm_ent market sentiment.

' analysis. *Also developed the SATISFI
system to extract terminology
and to calculate the
frequencies of good and bad
sentiment words.

*Compared the relative
distribution of positive and
Reuters news negative sentiment phrases in
Ahmad et al articles (vs. British | Phrases and Mar}(et the BNC with the Reuters data
(2003) 28 National Corpus words sentiment set.
’ analysis. *Used a concordance to

(BNC)).

examine patterns that
preceded and followed
sentiment words.
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Ahmad et al
(2005)

28

Reuters news
articles.

Words.

Market
sentiment
analysis.

*Elaborated on the Gillam et
al 2002 sentiment study, to
extract sentiment from text
using the frequencies of
positive and negative words.
*Proposed how these methods
could be adapted to other
areas e.g. to measure the fear
of crime.

Devitt and
Ahmad
(2007)

28

Online news
articles about two
airline takeovers.

Words.

Market
sentiment
analysis.

*Explored a metric of
sentiment intensity and
polarity in text.

*Examined the connectivity
and position of individual
lexical items within a
representation of a whole text
(lexical cohesion).

Daly et al
(2009)

29

Online news
stories.

Words (and
time series and
indices).

Market
sentiment
analysis.

*Examined correlations
between sentiment time series,
consumer confidence series,
and stock market indices.
*Calculated return and
volatility for each correlation.

de Oliveira et
al (2002)

29

Reuters news
articles.

Words.

Summary
generation.

*Developed a system called
SummariserPort, which uses
lexical cohesion to
automatically summarise
texts.

*Research students and traders
evaluated the quality of the
summaries.

Table 2 .1: D ata s ources, document features examined, g oals, a nd m ethods

used i n various s tudies t hat e xamined t he | anguage i n annual and i nterim

reports and news articles.

Beattie et al (2004) outlined five approaches to the analysis of narratives in annual
reports and how these approaches might be used to measure the quality of voluntary
disclosures. They distinguished between subjective types o fanalysis (i.e. analysts’
ratings) and s emi-objective t ypes ( i.e. di sclosure i ndex s tudies, t hematic ¢ ontent
analysis, r eadability s tudies, a nd lin guistic a nalysis). Beattie et al reported that
analysts’ ratings are no longer used in most countries, as they can be unreliable due to
analyst bi as. D isclosure i ndex s tudies i nvolve ¢ oding di sclosures ba sed ont he
presence or absence of specific items; the higher the score, the higher the perceived

quality of the disclosure. Thematic content analysis involves analysing the whole text

for specific themes; themes may be longer or shorter than a s entence and words can
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also be used as the measurement unit. R eadability studies involve using a formula,
such as the Flesch index®, to determine the difficulty of the text. F inally, linguistic
analysis involves applying numerous indexicals, or criteria for evaluating narratives,
to text units or short extracts. For their own contribution, Beattie et al devised a four-
dimensional content analysis coding framework, which comprised of time orientation
(three cat egories), financial/non-financial o  rientation ( twoc ategories),
quantitative/non-quantitative orientation (six categories), and topic and sub-topic (79
categories). Sentences were split into text units, such that each text unit represented a
single piece of information. Their framework presents a method for determining not
only the topic but also the three other useful dimensions mentioned above. They also
devised a measure of disclosure quality but admitted that their framework is difficult

and time consuming to implement.

Back et al ( 2001) usedt he G reen G old Financial R eports’ database an d s elf-
organising m aps (SOMs) t o co mpare t ext an d n umerical d ata i n v arious financial
documents, because both data types are of interest to different stakeholders including
auditors, investors, and management. The database consisted of income statements,
balance s heets, cash f low s tatements, f inancial r atios, an d g eneral co mpany
information for 160 international pulp and paper companies. They identified 47 key
ratios but asked 10 f inancial a nalysts from a large F innish bank to pick the m ost
important variables for the task; this resulted in 9 variables being chosen: operating
profit, p rofit a fter financial ite ms, r eturn o n to tal a ssets, r eturn o n equity, to tal
liabilities, s olidity, ¢ urrent r atio, f unds f rom o perations, a nd i nvestments. T hey
decided not t ous ea 1147 va riablesa st hey were concernedt hey would ha ve
insufficient obs ervations a nd t hat t his w ould a ffect t he pe rformance of t he ne ural
network. The financial data covered the five-year period from 1985 to 1989. T his

data was then used to create a SOM based on quantitative data.

They scanned in 270 annual reports for 76 o fthe 160 companies; they did not scan

the remaining company reports as they were not available in English and they needed

¥ The Flesch Index measures the number of syllables per word and the average number of words per
sentence. Each sentence is then assigned a score. The lower the score, the more difficult the text
(Flesch 1972).
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all qualitative data to be in the same language. T hey then filtered the annual reports
as they only wanted to use U S and C anadian r eports; t his resulted in 234 reports
being used to create three SOMs based on qualitative data. The three SOMs — a word
map, a sentence map, and a paragraph map — were then used to compare the reports at
word, s entence, and paragraph level. E ven though their preliminary analysis only
concentrated on t hree companies, they found a "slight tendency" to e xaggerate the

qualitative text when compared to the actual quantitative state of the company.

Kloptchenko e t a1 ( 2004) analysed t ext an d f inancial r atios 1 n q varterly reports
downloaded from the Web, with a view to id entifying in dications to lik ely future
financial p erformance. TheyusedaS OMt o an alyse t he q uantitative d ata an d
prototype m atching t o analyse t he t ext. U sing s even qua rterly r eports f or t hree
telecommunication ¢ ompanies dur ing 2000 -2001, t hey f ound t hat qualitative a nd
quantitative data s eem t o r epresent di fferent t hings; text tends to give hints a bout
future performance, whereas financial ratios tend to refer to past performance. They
also found that the writing style and tone in a company’s financial report tends to
change be fore a m ajor c ompany event; t het onet endst o representt he f uture
performance more than the past or current performance. However, some limitations
of their s tudy include a very small data set (only t hree c ompanies w ere us ed), a
limited v ocabulary s et ( they w ere all te lecommunications ¢ ompanies), a nd a
significant usage of proprietary names, all of which may have skewed the results to

some extent.

Feldman et al (2008) examined changes in tone in the Management Discussion and
Analysis ( MD&A) s ection o fd isclosures,t os eei fi t addsan y incremental
information to that already provided by preliminary earnings surprises, accruals, and
operating cash flows. By counting the frequencies of positive and ne gative w ords,
they found that tone changes in M D&As yield excess average returns and that the
returns tend to drift for longer periods that e xtend be yond the subsequent quarter’s
preliminary earnings announcements. In addition, they found the change in tone was
incrementally mo re in formative w hen firms w ere s mall and analyst following w as

weak.
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Loughran et al (2008) examined ethics-related terms in Form 10-K reports between
1994 and 2006, to see if they could identify types of firms that had a tendency to use
these terms. They found that, in the pre-regulatory period up to 2002 when the use of
ethics-related terms in reports was voluntary, such terms only appeared in 8% of the
reports. T hey also found t hat t erms s pecifically r elated toa ‘code o f ¢ onduct’
appeared less than 1% of the time. In the post-regulatory period, code-related terms
appeared in almost 60% of 10-Ks, as firms were legally obliged to discuss their code.
They t hen f ocused t heir a ttention on r eports di sclosed dur ing t he pr e-regulation
period to see if any firms that used ethics-related terms had been identified as ‘sin
stocks’®, w ere i nvolved in ¢ lass a ction 1 awsuits, or ha d received poor corporate
governance scores. They found that these ‘problematic’ firms were more likely to use
ethics-related t erms than ot her f irms, pr obably t o a ppeal t o i nvestors who we re
concerned about de ception, but t he proportional differences between these
‘problematic’ firms and other firms were even more pronounced in the pre-regulatory
period. They proposed that further study could investigate the link be tween l ong-
term stock performance and the use of ethics-related terms in 10-Ks, not just for sin
stocks but also for poor-governance firms. Whilst they did not report specific results
regarding r eturns, t hey did r eport t hat th e s in stocks in th eir d ataset performed

“relatively well”, unlike the poor-governance firms they studied (p.18).

Kohut and Segars (1992) examined themes within presidents’ letters in annual reports
with a view to examining corporate communication strategies. The president’s letter
is m ost of ten us ed t o ¢ onvey or ganisational s trategies t o shareholders but it a Iso
frequently contains hints as to the implicit beliefs of the organisation. Whilst the final
version is usually edited by a public relations or le gal officer, the original message
usually c omes from t he pr esident or ¢ hief e xecutive officer (C EO). T he a uthors
referred to “‘direct’ as opposed to ‘indirect’ or circuitous styles of writing—they said
that the indirect style "seeks to reduce as much as possible the risk and uncertainty
frequently imp licit w ith n egative me ssages" ( ibid, p.10). They presented t hree
research questions: ( 1) can technical ch aracteristics o f m essages (e.g. w ord co unt,

number of sentences, and syllables per word) differentiate between high-performing

? Sin stocks t ypically refer to public c ompanies in volved in in dustries t hat s ell alcohol, to bacco, or
gaming products.
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and low-performing firms, (2) can the themes presented differentiate high-performing
and l ow-performing firms, and (3) can the time frame of themes differentiate b oth

types of firms?

Their sample comprised the top 25 and the bottom 25 firms of the Fortune 500, based
on R eturn on E quity (ROE). T he researchers independently coded 50 letters on a
sentence-by-sentence b asis; each s entence u nit w as cl assified a ccordingt o1 ts
dominant t heme. T hey a lso c ategorised e ach uni t on t he ba sis of pastor future
reference to themes. T he reliability of the coding between coders ranged from 92%
to 100% and they 1 dentified s ix r ecurring t hemes: e nvironmental f actors, g rowth,
operating phi losophy, p roduct/market m ix, unf avourable financial reference, a nd
favourable financial reference (see Table 2.2 for a list of some typical words used to

signify the different themes).

Typical words used to signify themes Words
Environmental factors recession
inflation
Growth rapidly expanding markets

expanding market share

Operating philosophy building a strong organization
strong position

Product/market mix [generalo rs pecificr eferencest ot he
organisation’s products and services]

Unfavourable financial reference short term losses
reduction in asset size

Favourable financial reference gains
increased profits

Table 2.2: Typical words used to signify different themes (Kohut and Segars
1992).

They used s tepwise d iscriminant a nalysis to d etermine w hich th eme s ignificantly
contributed to the discriminatory model and they used discriminant analysis, t-tests,
and other statistics to identify differences in communication strategies of high- and

low-performing firms.

When they analysed word-count differences between both types of firms, they found
that t his yielded t he o nly s ignificant di fference. T he | anguage us ed b y hi gh-
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performing firms tended to be much more verbose than low-performing firms. F or
example, the maximum and minimum word counts in high ROE firms were 4,974 and
366 words whereas the maximum and minimum word counts for low ROE firms were
212 and 187), which suggests that good news is elaborated on and bad news is kept as

concise as possible.

When they pe rformed content analyses, one interesting finding was that 85.6% of
sentences in hi gh R OE messages r eferred to past themes as opposed to 75.3% of
sentences in low ROE messages. W hen they examined the specific themes used in
past references, they found that operating philosophies were addressed most often for
both t ypes of firms (35.8% for hi gh R OE firms and 39.8% forlow R OE firms).
Operating phi losophies were a Iso t he m ost frequently referred-to t heme i n future
references, albeit ata much lower level (5.9% and 17.6% respectively). A nother
interesting finding was the fact that high R OE c ompanies referenced the past more
than low ROE firms and the difference, regardless of theme, was significant between
both types o f firms. Whilst they found no s ignificant di fferences b etween future
references, r egardless of t heme, 1 ow R OE firms di d tend t o r eference t he f uture
slightly more than high ROE firms, as highlighted above. T hey suggested that the
large num ber o f pa st r eferences f or bot h t ypes of f irms w as pos sibly because
executives " feel more confident d iscussing a certain p ast r ather t han an u ncertain

future" and they want to maintain credibility (Kohut and Segars 1992, p.17).

When they used s tepwise discriminant analysis to id entify th e mo st d iscriminatory
themes, t hey f ound t hat f uture r eferences t o e nvironmental f actors a nd ope rating
philosophies a nd pa st references t o pr oduct/market m ix, unf avourable f inancial
events, and favourable financial events contributed significantly to the model. T he
model w as able to classify 64% o fhigh R OE firms and 92% of low ROE firms
correctly or 39/50 firms overall (78% accuracy). They identified some limitations of
their s tudy, na mely t hat t he 50 f irms w ere s elected w ithout ¢ onsidering pr evious
trends, t he firms w ere selected be cause t hey b elonged t o s pecific i ndustries, a nd

perhaps other measures of success could be used instead of ROE (e.g. sales volume).

22



Segars and Kohut (2001) devised measures for evaluating the effectiveness of CEO’s
letters t o s hareholders, a co mponent of annual r eports. T hey conceptualised a n
effective | etter as o ne that wass uccessful inach ieving cr edibility, ef ficacy,
commitment, and responsibility. Like Segars and Kohut, Subranamiam et al (1993)
also examined the CEO’s letter to shareholders section of the annual report, but this
time with a view to testing the relationship between performance and the readability
of the report. T hey randomly-selected 60 a nnual reports and found that the annual
reports o f ‘good’ performers w ere easier toread t han those o f ‘poor’ performers,
because the former tended to use strong, clear, and concise writing unlike the latter
who tended to use more jargon and modifiers. Similarly, Li (2008) found that the
annual r eports o f le ss p rofitable firms w ere mo re d ifficult to read and firms w ith

reports that were easier to read tended to have more persistent positive earnings.

In a related study, Loughran and McDonald (2011a) found that using the word count
of 10 -Ks w as a be tter i ndicator of t ext i nformativeness, t han us ing a traditional
readability formula such as the Fog index (Gunning 1952). They critiqued the use of
Fogi ndex for bus iness doc uments f or several reasons: f irstly, it w as in itially
developed t o d etermine the grade I evel for s chool t extbooks, w hich is a di fferent
readability goal. Secondly, average sentence length (a calculation used by the index)
is difficult to calculate accurately in 10-Ks as lengthy sentences are often broken up
by bullet points. T hey also disagreed with using multi-syllable words—also known
as ‘ complex w ords’ by F og i ndex us ers—in t he r eadability cal culation, as t hese
frequently appeari n1 0-Ksa nd yett heya re c omprehensiblet o m ost r eaders
(examples cited included corporation, directors, and telecommunications). They
found that 90% of the 10-Ks they examined achieved “unreadable” Fog Index values
greater than 20 (values greater than 18 are considered unreadable by anyone without a
post-college graduate education) and yet most analysts would probably not consider
them unreadable. They decided to use word count, rather than any other measure, for
two reasons. F irstly, word count is often used in addition to the Fog Index and is
therefore a widely-used measure. Secondly, when they informally asked a sample of
partners at accounting firms how they would legally obscure information, the general
consensus w as that they would bury “the aw kward r evelation in an ove rwhelming

amount of uninformative text and data” (p.2).
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Using regression analyses, Loughran and McDonald used both the 10-K word count
and the Fog index score to try to link readability with analyst dispersion (a proxy for
uncertainty o r di vergent opi nions r egarding af irm’s pr ojected earnings) and
unexpected e arnings s urprises (the extent to which the market is surprised). T hey
found t hat m ore c oncise ( and t herefore m ore r eadable) 10 -Ks h ave 1 ower an alyst
dispersion a nd s tandardised un expected ear nings ( SUE). T heyu sed co mplete
documents in their study. F or some related research on 10 -Ks, which also involved

classification, see Loughran and McDonald (2011b) in Section 3.3.

Hildebrandt and Snyder (1981) applied the 'Pollyanna Hypothesis''® to the writing of

annual reports and proposed three related hypotheses:

e "Positive words occur more frequently in annual letters to stockholders regardless
of a financially good or bad year.

e Negative words occur less frequently in a good year than a bad year.

e German respondents will parallel American respondents when viewing positive

and negative words in isolation" (ibid, pp.5-6).

They viewed twelve annual letters to stockholders in 1975 (a bad year) and twelve
letters in 1977 ( a good year). T he companies were s elected from the Dow J ones
Industrials. T heyus eda | istof 356 pos itive a nd ne gative a ntonym pa irs a nd
translated these into German. T he entire list was given to 100 G raduate B usiness
students, who identified the preferred (positive) and non-preferred (negative) words;
this w as done to make sure there was a greement. T hey then read the 24 a nnual
letters, r ecorded oc currences of each of t he 356 w ords, andt hen p laced each
occurrence into one of three classifications (positive statement, negative statement, or
neutral statement), depending on i ts contextual usage. W ith regard to the first and
second h ypotheses, t hey f ound t hat t here w ere significantly m ore oc currences of
positive words than neutral or negative words, regardless of year i.e. 68.9% of words
were positive in context in 1975 (abad year) and 79.5% of words were positive in

context in 1977 (a good year). We would expect this to be the case as companies will

' In the context o f business communication, the Pollyanna Hypothesis states that people tend to use
positive words more frequently and directly than negative words (Hildebrandt and Snyder 1981).
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obviously prefer to use positive language than negative language, whenever possible.
These results were found to be statistically significant using t-tests. They proved the
third h ypothesis by s howing the words to the A merican and G erman r eviewers in
isolation (i.e. not in c ontext) and found that over half of the preferred or positive
words selected had 90% agreement in both languages. It isimportant to note that
when t hese w ords w ere us edi nc ontext,t he m eaning of ten changed qui te
significantly. For example, whilst increased is a preferred word and decreased a non-
preferred word, in the following s tatement, increased has a negative c onnotation:
"The O PEC n ations, be cause of t heir ¢ onsolidated pos ition, w ere able to increase

crude oil prices about $1 per barrel in October" (ibid, p.9).

Thomas ( 1997) examined t he d ifferences b etween goodn ews and ba d ne ws
communicated in management letters at the start o f annual reports, with a view to
identifying ma nagement's mo tivations and p riorities. T o avoid di ffering c ompany
styles, s he gathered t he a nnual r eports f or one ¢ ompany ov era five-year p eriod
(1984-1988). S he chose this particular period as the company in question changed
from being a profitable to an unprofitable one during that period. Her main research
goal was to confirm or question the 'Pollyanna hypothesis' in the context of annual

reports, as discussed in Hildebrandt and Snyder (1981).

Thomas examined tr ansitivity s tructures an d t hematic s tructures.  Transitivity
"describes a ¢ lause a ccording t o t he ki nd of ve rb us ed, t he pa rticipants, a nd t he
circumstances" (ibid, p.53). W ith regards transitivity s tructures, she first looked at
the number of passive verb constructions in each clause in the management | etters.
She found there was an increase in the number of passive constructions from 10% in
1984 (a profitable year) to 20% in 1988 (a loss-making year). Thomas suggested that
this makes sense, as messengers tend to distance themselves from negative messages
whenever pos sible. Distancing is a f eature o f deception and can be e xamined by
investigating lin guistic s tyles (Newman etal 2003 ). Using H alliday's (1985) six
process verb types (material, mental, relational, behavioral, verbal, and existential),
Thomas found that relational process verbs were used frequently; they appeared in
30-48% of clauses over the five-year period. R elational process verbs are verbs of

attribution o r id entification that convey m eaning such a s 'being', 'identifying', and
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'attributing'. S he aIso found t hat ve rbs of 'being' in the first and last paragraphs
doubled in the five-year period from 33% to 66%, giving a much more objective or
factual imp ression that should not be que stioned. T ypically, t he first p aragraph
prepares the reader for the message that will follow and the last paragraph reminds
the reader of the key points, so these are both important paragraphs. There was also
an increase in the number of non-human participants acting as agents (examples cited
include opportunities, fiscal 1988, and machine tool market). Focusing again on the
first and last paragraphs, Thomas found that there was a shift away from the writer of
the message; instead, nonhuman circumstances were causing these factual situations,
so they could not be questioned. N onhuman participants only appeared in 25% of
clauses in 1984 ( a profitable year) but they appeared in 87% and 73% in 1987 and

1988 respectively (these were both loss-making years).

"Thematic structure in systemic theory is the part of the clause that serves as a p oint
of d eparture for t he m essage - what t he m essage i s ab out" ( Thomas 1 997, p.56).
When Thomas examined thematic structures, she found that there were two types of
themes: (1) the personal pronoun we and (2) a variety of inanimate nominal groups,
such as the nonhuman agents mentioned previously. E ven though the usage did not
progressively i ncrease o r de crease e ach year, s he found t hat ove rall us age of the
pronoun We decreased from 75% in 1984 to 27% in 1988 and the usage of inanimate
nominal g roups 1 ncreased f rom 25% 1n 1984 to 73% 1n 1988. T hese t hematic
findings are largely in line with the transitivity findings outlined earlier, suggesting
that m anagement d istanced its elf from th e p oor p erformance in th e la tter years.
Expanding on thematic structures to include an analysis of the discourse practices of
the genre, Thomas examined context and cohesion and found that management were
happy to take credit for the early successes as they were due to effective leadership;
on the other hand, they blamed nonhuman participants for the subsequent problems,
and followed these comments up with suggestions that the situation would improve —
words s uch as nevertheless and however were of ten us ed. T homas also br iefly
examined c ondensations; o ne e xample of a c ondensation i n B usiness Englishi s
transition, as in transition year, which could mean things are improving if linked with
recent p rofits, or disimproving iflinked with l1osses or de clining pr ofits. A nother

example is gradually improving market — does this mean that the situation was poor
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in previous times and now it is improving or that the situation is not improving as
well as had been hoped? D oes profitability mean th at th ey (only) ha ve sufficient
funds to pay a dividend or that they are making a healthy profit? In one of the 1987
reports, she identified the following sentence in the first paragraph: "Cross & Tracker
had a difficult year in fiscal 1987 as markets proved weaker than expected and
pricing pressures and other factors combined to severely erode margins.” (ibid,
p.63). This sentence, w hich contains s everal co ntractions ( markets proved weaker,
pricing pressures, other factors, and erode margins), demonstrates that once a gain,

management clearly abdicated responsibility for the dire financial situation.

Gillam et al (2002) extracted market sentiment from R euters' news articles to see if
there w as an y correlation b etween s hare p rices an d n ews an nouncements. T heir
Reuters corpus consisted of 30 news items per day for the month of November 2001
as well as the closing values of the FTSE 100 for each day. T hey used their own
SystemQuirk s ystem to analyse the frequency of occurrences of over 70 terms that
conveyed 'good' news and over 70 terms that conveyed 'bad' news; these terms were
identified 1 n p revious r elated r esearch ( Ahmad eta 12002 ). U singth ete rm
frequencies and the closing values, Gillam et al were able to plot roughly the good
and bad news items as atime series of market s entiment. T hey also de veloped a
prototype s ystem c alled S ATISFI, which was able to handle X ML-based news, to
extract t erminology, an d t o cal culate t he f requencies o f good and b ad s entiment

words.

As this research was a preliminary investigation into pos sible c orrelations be tween
news and FTSE closing values, Gillam etal did not report many s pecific r esults.
However, s ome i nteresting findings i nclude t he fact that bad ne ws seems to anti-
correlate with the FTSE i.e. they found that two days after bad news was released, the
FTSE rose. T hey evaluated their p rototype s ystem using 172 news stories for one
week in February 2002. Six native English speakers were asked to determine whether
they felt a particular news item would have a good or bad impact on the stock market.
Their S ATISFI s ystem al so p erformed t he s ame task. T hey found that the native
speakers w ere b etter ab le t o co rrelate good an d b ad n ews i tems w ith t he F TSE.

SATISFI was able to correlate bad news but to a lesser extent and it was not able to
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correlate good news. Some reasons cited for the problems with SATISFI included the
fact that some 'entities' in news items may have different effects on other entities i.e.
an event that may be good for one reason, may be bad for another reason or it may
have oppos ite knoc k-on ef fects, d epending on the c ompany’s position at the time.
Other pr oblems include ne gation and doubl e n egation, w hich c ompletely alter t he
meaning of good and bad news items, and words that are more indicative of good and
bad ne ws than others e.g. accounting fraud is most certainly a bad news item but

restructuring could be considered a good or bad item, depending on the context.

Ina follow-ons tudy, Ahmadetal (2003) compared t he r elative di stribution of
positive and negative sentiment phrases in the British National Corpus (BNC)'! with
a Reuters data set of over ten million tokens published between 2000 and 2002. They
found that words such as up and down were more predominant in the BNC than in the
Reuters data set. For example, up appeared in 91.8% of the BNC but in only 57.2%
of the Reuters data. On the other hand, they found that words such as growth and
rose increased significantly in the Reuters collection. For example, the word growth
appeared in only 5.66 % of the BNC but in 25.9% of the R euters data. U singa
concordance, t hey f urther ex amined t he p atterns t hat p receded an d followed k ey
sentiment w ords in the Reuters data. T he phrase rose X percent appeared in over
58% of the patterns that contained the word rose. Further studies showed that for the
'rise' and 'fall' sentiment words, the frequencies of related words or synonyms were
much lower. For example, variations of rise (rose, rising, or risen) occurred in 1,004
patterns; jump only occurred in 133 patterns, climb only occurred in 75 patterns, and

lift only occurred in 33 patterns.

Other related studies that examined the language of financial texts include Ahmad et
al (2005) who outlined how th e qualitative (textual) and quantitative (time s eries)
methods us ed i n t heir FINGRID p roject c ould be a daptedto otherarease.g.to
analyse online crime statistics to measure the fear of crime or to measure ethnic/racial
tension in a community. Devitt and Ahmad (2007) explored a metric of sentiment

intensity and polarity in text with a view to comparing it to human judgements o f

' http://www.natcorp.ox.ac.uk/
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polarity i n f inancial ne ws. Daly etal ( 2009) examined correlations b etween
sentiment time s eries, ¢ onsumer ¢ onfidence series and stock m arketi ndices,
calculating return an d v olatility f or each correlation. Their p reliminary findings
suggested that the returns for sentiment time series, in particular, deviate from that of
normal distribution of a random variable. de Oliveira et al (2002) developed a system
(SummariserPort) which uses lexical cohesion to automatically summarise financial

texts.

Sections 2.1 and 2.2 outlined the on-going conflicting debates surrounding the EMH
and the two types of investment analysis. This section (2.3) discussed a selection of
studies which examined the language of financial reports and news. As outlined in
Table 2.1 atth e start of t his s ection, r esearch g oals va ried ¢ onsiderably, f rom
narrative an alysis (e.g. Beattie et al 2 004) to p erformance an d r eadability an alysis
(e.g. Li12008). Studies e xamined words only (e.g. Feldman et al 2008), terms or
phrases (e.g. L oughran et al 2008), technical c haracteristics of the doc ument (e.g.
Loughran and M cDonald 2011a) and overall writing s tyle (e.g. S egars and K ohut
2001). Methods also varied considerably—for example, self-organising maps (Back
eta 12001) ,c oding frameworks ( Beattice ta 12004) ,r eadability f ormulae
(Subranamiam et al 1993), and w ord frequency an alyses w ere u sed ( Gillam et al

2002). A sw e ha ve n ow ¢ stablished t hat i nformation i n f inancial t exts ¢ an be

analysed and used for various purposes, the next section will report on various studies
which outlined the relationships, i f any, between information, financial events, and
market reactions. Each of these sections are relevant to our research project as we
assume that the language used to describe some financial events, in certain publicly

available documents, can have an impact on the value of financial instruments.

2.4 Information, Events and Market Reactions

Various s tudies have e xamined the impact that public news stories and events can
have on stock returns and there is significant disagreement about the impact they can
have. As outlined in Sections 2.1 a nd 2.2, p roponents of the EMH argue that the
market r eacts imme diately to news and events and therefore they have little orno

impact on r eturns; fundamental and technical analysts, who disagree with the EMH,
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argue that news and events do impact on t he market. As we assume that there is a
correlation b etween some events a nd s tock prices (and t herefore b elieve t hat t he
market is not fully efficient), it is necessary to explore further some of the literature in

this area.

Ball and Brown (1968) examined the usefulness o f accounting income numbers in
terms of their information c ontent and timeliness. In terms of information content,
they found that one half or more of all the information that is made available about a
particular firm during the year is captured in the income number for that year. In
terms of timeliness, however, the annual report fell short, mainly because other forms
of m edia—such a s in terim F orm 8 -K re ports—tend to r elease th at in formation
beforehand. T hey s uggested ane ed f or f urther s tudy i nto t he i mpact t hat t he
magnitude, not just the sign, of any unexpected income changes could have on stock
prices. Our study looks at Form 8-K disclosures as companies are legally obliged to
file them within a short timeframe, whenever material events arise (see Chapter 4 for
a discussion). We argue that 8-Ks are timelier sources of information than Form 10-

K annual reports.

Fama etal ( 1969) examinedt he r elationship be tween r eturns and stock s plit
announcements. T hey found t hat t here w ere o ften unus ually hi gh returns in t he
months preceding a stock split, even though the information about the impending split
was not yet known by the investing public. T hey proposed that this was probably
because the company had experienced particularly high earnings and dividends in the
months preceding the split and therefore the market re-evaluated its ex pectations of
the company. They argued that the market's judgements regarding the implications of
the split were reflected in the price at least by the end of the month when the split was
announced but pos sibly e ven i mmediately after t he announcement was m ade; t his

conclusion supported the EMH.

In a later paper, Fama (1991) loosened his definition of the EMH stating "on average,
stock prices seem to adjust within a day to event announcements" (ibid, p.1601). In
our study, we use a three-day window (days t-1 to t+1, where t is the filing date of the

Form 8-K), as we expect the market to react to material events within a day. Fama
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summarised s ome of the main findings from e vent studies in co rporate finance, as

follows:

o Positive or ne gative di vidend ¢ hanges t end t 0 be a ssociated with s tock price
changes of the same sign.

e Stock prices react unfavourably to new issues of common stock.

e Inthecaseofmerger and tender o ffers, s tockholders of target firms tend to
benefit from large gains.

e Inthe case of proxy fights, m anagement bu youts a nd ot her c orporate c ontrol

events, target stockholders tend to benefit greatly.

In his 1998 p aper, Fama discussed 1ong-term return anomalies which had started to
emerge i n r ecent | iterature on e vent studies, and which seemed t o contradict t he
EMH. He argued that, in an efficient market, many market over-reactions would be
balanced out by under-reactions. Secondly, he argued that many long-term anomalies
tended to vary depending on t he models or statistical methodology used to measure
them, and t herefore successful results should just be attributed to chance. In our
research, we suspect that anomalies that have nothing to do w ith the arrival of new
information, might partially explain some of our results—the identification of these

anomalies is beyond the scope of our research however.

Antweiler a nd F rank ( 2006) commented on Fama's (1998) complaint that only
successful event studies or studies w hich examined s ingle event types were b eing
published: “Splashy results get more attention, and this creates an incentive to find
them” (Fama 1998, p.28 7). Rather than focus on single e vent t ypes, we ex amine
multiple event types. Antweiler and Frank also examined multiple e vent types but
they considered t he r eturns da y-by-day fo r o vera m onth, w hereas we u sed a
relatively s hort three-day window. Also, they examined Wall Street J ournal news
stories, whereas we used Form 8-Ks (see Section 3.3 for a more detailed discussion of
the Antweiler and Frank classification studies). Antweiler and Frank also commented
on the abundance of literature on event studies that has emerged in recent years; as a
result, the remainder of this section will examine a s election of the literature in this

arca.
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Cutler et al (1989) examined whether market movements during the 1987 crash were
attributable t o factors ot her than the arrival of information. T hey found that they
were only able to attribute about one third of the variance in stock returns to the
arrival of macroeconomic information. T hey analysed stock market reactions to 49
non-economic events f rom 1941t o 1987; e vents i ncluded t he a ttack on Pearl
Harbour, t he death of Roosevelt,t he Cuban missile crisis, a ndt he Chernobyl
meltdown. When the events were aligned with S&P percentage changes, some of the
events, including the attack on P earl Harbour, seemed to be clearly associated with
the changes. However, for the set of 49 e vents, the average absolute market move
was only 1.46% compared with 0.56% over the entire period, which demonstrates the
"surprisingly s mall e ffect o f n on-economic ne ws" (p.5). T hey then e xamined t he
largest changes in daily returns between 1946 and 1987 a nd tried to correlate those
changes with New Y ork Times explanations. F or many of the significant changes,

they were unable to identify fundamental causes.

Wysocki (1999) examined the effects o f message-posting volume on s tock message
boards and found that changes in daily posting volume were associated with ne ws
announcements relating to earnings and changes in stock trading volume and returns.
He also found that message-posting volume could be used to predict changes in stock
trading vol ume and returns the following day and t hat c ertain s tocks, particularly
those that previously yielded "extreme past performance", yielded the highest volume
of postings (ibid, p.4). Tumarkin and Whitelaw (2001) also looked at message boards
and found t hat, for Internet-related s tocks, r eturns a nd t rading vol ume f ollowing
abnormal m essage activity were n ot s tatistically significant. However, th ey a Iso
found that on days with abnormally high message activity, strong changes in opinion
correlated w ith abnormal r eturns a nd a bnormally hi gh t rading vol ume, a nd t he
abnormally high trading volume persisted for a second day. O verall, however, their
use of event studies and auto regression lead them to the conclusion that there is no

causal link between message board activity and stock returns or trading volume.

Stice (1991) examined price and volume reactions to earnings announcements to see
if t he r eactions w ere caused b y t he r elease o f SEC fiilings o r b y t he s ubsequent

announcements o fs ame in th e W all S treet J ournal ( WSJ). U singa d ataseto f
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predominantly small firms, he did not find any significant reaction to the initial SEC
filings, perhaps because of the limited dissemination possibilities'*. However, he did
find a reaction to the subsequent W SJ announcements and the increase/decrease in

price change was consistent with the increase/decrease in unexpected earnings.

Like Stice, Abarbanell and B ernard (1992) also examined stock price responses to
earnings announcements but w ith aviewt o clarifying w hether o r n ot an alysts'
forecasts under-react or over-react to such announcements'>. W ith regard to under-
reactions, they found that stock prices tended to respond to earnings news with even
more delay than analysts and suggested that this might be because of transaction costs
or because traders under-react to the analysts' under-reactions. With regards to over-
reactions, they could not clearly link analysts' over-reactions with stock price over-
reactions f ollowing e arnings a nnouncements.  Finally, t hey pr oposed t hat the
disagreement amongst researchers ab out u nder- and ove r-reactions ar ose b ecause
studies doc umenting ov er-reactions us ed prior s tock price performance to partition

firms whereas other studies partitioned using prior earnings performance.

Skinner ( 1994) looked a t vol untary di sclosure of positive a nd ne gative earnings
surprises. As one might expect, he found that managers voluntarily disclose positive
earnings surprises to present the company in a positive light. More notably, he found
that m anagers frequently p re-empt th e p ossible impact o f disclosing large n egative
earnings surprises, by voluntary disclosing the bad news before they are obliged to do
so. He also found that bad news disclosures have a greater impact on price than good
news disclosures and that they are more likely to contain qualitative statements about

quarterly, as opposed to annual, earnings-per-share.

12 At the time of this study, members of the public could only access SEC filings by photocopying
them at an SEC public reference room or by hiring another firm to source the data for them. Both
methods tended to prove costly, financially and time-wise (Stice 1991). F or many people, the Wall
Street Journal was more accessible. Since 1995, however, SEC filings have been made freely available
online on EDGAR, so dissemination time has been greatly reduced.

" By under-reaction, we mean that the average return following a good news announcement is higher
than t he a verage r eturn following a ba d n ews a nnouncement. A n o ver-reaction ar ises when t he
average r eturn following a series of go od ne ws a nnouncements i s | ower t han the a verage r eturn
following a series of bad news announcements. See Abarbanell and Bernard (1992) for an overview of
some of the literature on analyst under- and over-reaction.
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Other researchers who examined under- and over-reactions to news include Barberis
etal (1998), Daniel et al (1998) and Tetlock (2008). Intheir model of i nvestor
sentiment, Barberis et al highlighted two phenomena from behavioural psychology—
representativeness and conservatism. R epresentativeness can b e defined as t he
tendency of 1nterested p arties to view e vents as typical and to i gnore the laws of
probability (e.g. the fact that a company that has been growing for quite a while might
not always keep growing at that rate). Conservatism, which tends to be closely tied in
with under-reaction, is defined as the inability of interested parties to update opinions
even w hen p resented withn ew d ata o r ev idence ( Edwards etall 968). T hey
developed a model of investor sentiment which proposed that earning announcements
and o ther similar corporate events represent i nformation that has 1 ow s trength but
significant statistical weight. Their model predicted that such events would result in a
stock price under-reaction. On the other hand, they found that consistent patterns of
news, such as series of good or bad earnings announcements, were of high strength
but 1 ow s tatistical w eight, and w ould pr obably result in s tock price o ver-reaction.

They recommended further studies into the apparent strength of news events.

Behaviouralists believe that market prices are highly imprecise and that investors are
irrational'*; t hey also b elieve t here a re f our f actors t hat cr eate ir rational ma rket
behaviour—overconfidence, bi ased j udgements, he rd m entality, a nd 1 oss a version
(Malkiel 2007 ). Daniel et al examined two o f't hese factors—overconfidence an d
biased s elf-attribution. They de fined a n overconfident i nvestor as "one w ho
overestimates the precision of his private information signal, but not of information
signals publicly received by all" (ibid, p.1841). Biased self-attribution means that the
investor's confidence tends to grow when public information is aligned with his/her
private signals but it does not fall commensurately when they are not aligned. Daniel
et al found that stock prices over-react to private information signals and under-react
to public signals. In Appendix A of their paper, they present some relevant literature
about under-reaction to public news events. Events cited include stock splits, tender
offer repurchases, open market repurchases, analyst recommendations, dividend

initiations and omissions, seasoned issues of common stock, earnings surprises,

'* See Barberis and Thaler (2003) for a review of behavioural finance.
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public announcement of previous insider traders, venture capital share distributions,
and earnings forecasts. Advocates of the EMH (see, for example, Fama 1970 and
Malkiel 2007 in Section 2.2) would ar gue that t hese an omalies are merely chance
deviations; others, including Daniel et al would argue that the returns are too strong
and regular to be chance deviations so there must be some behavioural model which
can explain the anomalies. In our study, we assume that the market reacts to some
event types within a short timeframe but we do not try to prove or disprove the EMH;

rather, we assume that the market is not fully efficient.

Tetlock (2008) examined ma rket o verreaction to s tale in formation i. e. information
that has previously been released elsewhere. He found that returns partially reverse
after stale news is released as individual investors overreact to the stale information.
Likewise, he found that ne ws that has not previously be en released tends to yield

much smaller return reversals or else yields a continuation of the positive returns.

A number of studies looked at specific event types (Fair 2000; Fair 2003; Liu 2000;
Ng and Fu 2003). Fair identified 69 macroeconomic events that led to large changes
in S&P 500 futures prices. For the purposes of his study, one-to-five minute changes
greater than or equal to 0.75% in absolute value w ere de emed large changes. H e
searched t he D ow J ones N ews S ervice, A ssociated P ress N ewswire, New Y ork
Times, and Wall Street Journal sources for news reports by time of day. There were
some price changes for which no event could be found; in these instances, Fair argued
that brokers would most likely say there was no e vent or perhaps there was simply
renewed ¢ onfidence i n the m arket. 22 of the 69 e vents related to money supply,
interest rate announcements, or testimony by monetary authorities; 14 events related
to employment reports, and the remainder c oncerned various other macroeconomic
issues. In a subsequent study, Fair (2003) identified 152 additional events that could
lead to a similar change in various futures—S&P 500 futures, bond futures, Deutsche
Mark futures, Y en futures, and British futures. In this study, ho wever, Fair’s goal
was to determine if a s ystemic relationship actually existed between the changes and
stock prices, bond prices, and exchange rates. Also, the new collection of 221 events
comprised not onl y of m acroeconomic ne ws but a Iso m icroeconomic ne ws; 12

categories 0 fn ews w ere id entified ranging f rom US fiscal policy eventst o

35



international conflicts. T he four news sources that were used in Fair (2000) were

used in this study but for a longer time period.

Liu (2000) used a sample of 611 innovation news announcements made by 103 U S
biotechnology firms to determine investors' behaviour after the announcement and to
determine if investors were able to interpret the information in an unbiased manner.
The announcements w ere obtained from the Lexis/Nexis database and spanned the
period from 1983t o1 992. T he Lexis/Nexis da tabase i ncludes s ources such a s
Business Wire, PR Newswire, and R euters. Liu used five categories o f innovation
news a nnouncements — FDA approval, patents granted, scientific breakthroughs,
strategic alliances or research joint ventures, and other technology-related news. Liu
intentionally excluded bad news announcements for a number of reasons, namely (1)
bad innovation news was much less frequent so it would have been difficult to gather
a reasonable sample of such news, (2) firms do not always disclose bad news so it
would have been difficult to be subjective about selecting s uitable announcements,
and (3) good ne ws announcements about i nnovations tend to have a great de al of
uncertainty about them and Liu wanted to s ee how the m arket r eacts t o uncertain
announcements. O verall, Liu found that investors tend to be over-optimistic about
innovation ne ws and therefore tend to misprice innovative e vents, particularly with
firms th at are not very research and d evelopment (R&D) intensive, firms that are
large, and firms that have high book -to-market ratios. E ventually, investors tend to
revert to e xamining firm-specific f undamentals w hen a ttempting t o value a given

event.

Ng and Fu (2003) examined e vent e pisodes, w hich they d efined as a set of e vent
types within a specific window oftime. E xamples of event t ypes include Cheung
Kong stock goes up and US increases interest rate. In particular, they e xamined
frequent s tock e pisodes i.e. m any instances o f t he s ame ep isode w ithin a s pecific
window. T hey used a tree structure, or event tree, to represent the event types and
then pruned the tree based on event t ype frequencies, t o r educe t he 1 ikelihood of
including non-frequent episodes. Each window was counted at most once, even if the
event t ype a ppeared i n several d ays dur ing t he window. T hey us ed a r ecursive

mining procedure and then evaluated the performance using synthetic and real data.
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The real data was extracted from a repository of local newspapers and contained 121
event types spanning 757 days. The stock data was retrieved from the Datastream
International Electronic Database for 12 1ocal companies. They did not report many
findings but t hey di d s uggest a r elationship be tween t he NASDAQ and P CCW

telecom stock (i.e. both went down).

Other studies investigated positive and negative news or sentiment (Hong et al 2000;
Conrad et al 2002; Li 2006; Lerman and Livnat 2009). Hong et al (2000) examined
the e xistence of m omentum in stock r eturns and found t hat ne gative firm-specific
news tended to diffuse more slowly across the investing public, than positive news.
They defined momentum as the situation whereby "past winners continue to perform
well, and p ast lo sers continue t o pe rform poor ly" (ibid, p.265). T hey considered
analyst coverage as a proxy for the rate of information flow on the assumption that,
all else being equal, stocks with lower analyst coverage should take longer to diffuse
information a cross t he i nvesting publ ic. T o c ounteract t he | ikelihood t hat | arger
companies t end t o ha ve m ore a nalyst ¢ overage, t hey p erformed a r egression of

coverage on firm size to produce the residual analyst coverage.

Conrad et al (2002) examined behavioural and regime-shifting models'’ to determine
if s tock prices r espond m ore s trongly t o ba d ne ws t han g ood ne ws w hen r elative
market valuations are rising. They also wanted to determine if both types of models
needed to be extended to take firm-specific reactions as well as market conditions and
valuations into a ccount. T hey used asample of 24,097 a nnouncements of firms'
annual e arnings be tween 1988 a nd 1998 and m easured the 1 evel of the marketby
comparing t he m arket price-earnings (P/E) ratio during e ach f irm-announcement
month with the monthly average market P/E during the preceding 12 months. A high
P/E m onth, for e xample, m eant t hat t he m arket's forecast of P/E w as h igher t hat
month t hanitw asin previous m onths. T heir f indings br oadly s upported t he
hypothesis that stock prices respond more strongly to bad news than good news when

prices are already high.

" With behavioural models, in vestors e mploy p ast f irm-specific i nformation when f orming
expectations a nd th ey i gnore a ggregate market c onditions; with r egime-shifting models, in vestors
consider market-wide information and they do not consider firm-specific news.
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Li (2006) counted the frequency of risk and uncertainty words in Form 10-K reports,
to d etermine th e imp act o f r isk s entiment on f uture e arnings a nd r eturns. U sing
regressions, he found that firms with a large increase in risk sentiment led to more
negative earnings changes a nd s ignificantly ne gative r eturns t he f ollowing year,

compared to firms with a smaller increase in risk sentiment.

Lerman and Livnat (2009) examined market reactions to Form 8-K disclosures (the
subject of our research) to see if these timely disclosures diminished the impact of the
annual Form 10-K and quarterly Form 10-Q reports and also to determine the market
reaction, if any, to 8-Ks'®. They found that the impact of 10-Ks and 10-Qs was not
diminished de spite the arrival of 8-Ks, p ossibly b ecause investors and analysts use
10-Ks and 10-Qs to interpret the effects of material events previously disclosed in 8-
Ks. In fact, they found that the information content of 10-Ks and 10-Qs, as measured
by abnormal trading volume and abnormal return volatility, increased once these new

regulations were introduced.

With r egard t o m arket reaction, they found t hat reactions v aried by ev ent—some
event i tems c aused s trong pos itive m ean a bnormal r eturns, ot hers ¢ aused ne gative
returns. For event items that did not cause any abnormal returns, they suggested that
there may be an absence of information or inconsistent reactions (e.g. for some firms,
a particular event item may be good news, for others it may be bad). The reaction
may also vary depending on the company’s position at that time. They also examined
abnormal trading volume and abnormal stock return vol atility and found that there
were significant reactions to all event items when they used these measures, w hich
also suggests that events that may be good for one company may be bad for another.
Finally, t hey foundt hat the markett endst o unde r-reactt o 8 -Ks and t hatt he

significant return tends to drift for some event items.

'® See Lerman and Livnat for a review of some other studies which examined market reactions to Form
8-Ks or to other reports that contain events which must now be disclosed in Form 8-Ks. The majority
of these studies, which were prior to 2004, examined market reactions to earnings announcements. As
the filing regulations have since changed, it is not clear if the Form 8-Ks disclosing the earnings news
were filed the same day as the reported reaction.
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2.5 Summary

In this chapter, we outlined the on-going debates amongst efficient market advocates
and 1nvestment analysts regarding how the market reacts to information and news.
There is still no clear consensus. We also looked at various studies that examined the
language of financial reports and news and learned that there is a slight tendency to
exaggerate q ualitative t ext w hen co mpared t o the act ual q uvantitative s tate o f't he
company (Back et al 2001), tone changes can signify impending events and/ or yield
excess average returns (Kloptchenko et al 2004; Feldman et al 2008), and ethics- and
code-related t erms are used more by certain t ypes o f companies ( Loughran et al
2008). There were conflicting reports on the style of language that tends to be used
by g ood-/poor-performing ¢ ompanies, i nt erms of r eadability, oc currences of

positive/negative words, and occurrences of passive constructions (Hildebrandt and
Snyder 1981; Kohut and Segars 1992; Subranamiam et al 1993; Thomas 1997). We
also 1 ooked a t t he r elationship be tween 1 nformation, financial e vents, a nd m arket
reactions. Event s tudies ha ve found reactions to s ome ne ws events b ut r eactions
varied greatly a ndd ependedont he d ataa ndt echniques us ed. These s tudies
demonstrate that financial 1 anguage can be complex and varied anditis therefore

difficult to identify clear-cut patterns that can be correlated with market reactions.

Whilst it is evident that there is no clear consensus about how consistently the market
reacts to financial news and events'’, there is still plenty of scope for content analysis
of financial events in various sources (e.g. online news stories and SEC reports) by
examining various features (e.g. single words, phrases, or financial variables), using
various techniques (e.g. statistical or automatic analysis). The goals of these analyses

can vary from prediction of returns to identification of market trends and sentiment.

7 Malkiel (2007), who supports the EMH, stated: "No one can consistently predict the direction of the
stock market or the relative attractiveness of individual stocks, and thus no one can consistently obtain
better overall returns the market. And while there are undoubtedly profitable trading opportunities that
occasionally ap pear, t hese ar e q uickly wiped o ut o nce they b ecome known. Noonepersonor
institution has yet to produce a long-term consistent record of finding money-making, risk-adjusted
individual stock trading opportunities, particularly if they pay taxes and incur transaction costs" (ibid,
p.246).
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Kroha and Baeza-Yates (2004) argued that because experts interpret news in different
ways and markets react differently and in different timeframes to different news, it is
not possible to create a t raining collection that is correlated with guaranteed market
responses. They argued that information retrieval was not strong enough to identify
the d ifference between pos itive a nd ne gative ne ws a nd t hat m ore sophisticated
language m odels an d analyses weren eededi fo new ishest ou sen ews as an

investment tool. Whilst we agree that it is not possible to create a definitive training
collection, w e do be lieve t here i s s ome potential in u sing lin guistic me thods to

recognise e vents and ke ywords in disclosures and in using these features to predict
the likely share price response. W hilst one would not be able to consistently predict
the likely share price, o ur m ethods c ould be used to assistin the arduous task of

analysing and classifying responses manually.

In the p ast t wenty years or s o, various s tudies ha ve used automatic t echniques to
analyse the content o f financial news (Swales and Y oon 1992 ; Kryzanowski et al
1993; Wiithrich et al 1998; Cho et al 1999; Qi 1999; Lavrenko et al 2000; Thomas
and Sycara 2000; Das and Chen 2001 ; Gidéfalvi 2001 ; Peramunetilleke and W ong
2002; Thomas 2003 ; Antweiler and Frank 2004 ; Koh and Low 2004 ; Koppel and
Shtrimberg 2004 ; Kroha and Baeza-Yates 2004 ; Lam 2004 ; Seoetal 2004; van
Bunningen 2004; Fung et al 2005; Antweiler and Frank 2006; Kroha et al 2006 ; Liu
et al 2006; Mittermayer and Knolmayer 2006a; Schumaker and Chen 2006; Tetlock
2007; Engelberg 2008 ; Henry 2008 ; Tetlock et al 2 008; Loughran and M cDonald
2011b). As each of these studies used automatic content analysis techniques and are
therefore more closely related to our research, they are discussed in detail in Chapter

3.
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Chapter 3: Automatic  Analysis and

Classification of Financial Documents

3.1 Outline

In the previous chapter, we outlined the two sides to the efficient markets/investment
analysis debate and found that there is no clear consensus. We also looked at various
studies which examined the language of financial reports and news and examined the
relationship between information, financial events, and market reactions. We learned
that financial language can vary greatly depending on the events encountered and the
'state’ of the company. Event studies demonstrated reactions to some event types but

not to others, and these reactions varied depending on the techniques and data used.

In this chapter, we will briefly introduce the topics of automatic text classification and
categorisation ( Section 3.2) and then we will look s pecifically at s tudies that us ed
automatic techniques to analyse the textual content of financial documents, as we also
used a utomatic t echniques for t his pur pose ( Sections 3.3 to 3.5). W hilst some of
these studies also involved automatic classification as an end-goal, we will use the
term ‘automatic analysis’ to describe all the studies, regardless of their end-goal. We
do not discuss literature on f inancial t ime s eries pr ediction, as that i s be yond t he
scope of our research. However, for a good review of various methods that can be

used for this purpose, see, for example, Tay et al (2003).

Section 3.3 will describe studies that used single words, and possibly other features,
for t he a utomatic content a nalysis of financial doc uments ( Das a nd C hen 2001;
Swales and Y oon 1992 ; Schumaker and Chen 2006; Mittermayer and Knolmayer
2006a; Funget al 2005 ; Antweiler and F rank 2004 ; Antweiler and Frank 2006 ;
Gidofalvi 2001 ; Liu et al 2006; Lavrenko et al 2000; Koppel and Shtrimberg 2004 ;
Kroha and B aeza-Yates 2004 ; Kroha et al 2006; Tetlock 2007 ; Tetlock et al 2008 ;
Engelberg 2008 ; Henry 2008 ; Loughran and M cDonald 2011b). W henever authors
used other features as well as single words, all these features are discussed together in

this section for completeness.
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Section 3.4 de scribes studies that used ke yword records and phrases, but not single
words (Peramunetilleke and W ong 2002 ; Wiithrich et al 1998 ; Thomas and S ycara
2000; Cho et al 1999; Thomas 2003; Seo et al 2004; van Bunningen 2004). In these
studies, keyword records contain more than one keyword. As mentioned previously,
studies that used keyword records and phrases as well as single words (Das and Chen
2001; Swalesa nd Y oon 1992 ; Schumaker a nd C hen 2006 ; Mittermayer a nd
Knolmayer 2006a) are only discussed in Section 3.2.

Section 3.5 de scribes studies that used financial ratios and variables (Koh and Low
2004; Qi1 1999; Kryzanowski et al 1993; Lam 2004). Only one study used financial
ratios or variables with another feature (Lavrenko et al 2000). Because this study also

involved the analysis of single words, it is only discussed in Section 3.2.

Finally, Section 3.6 will summarise the key findings from the chapter.

3.2 Automatic Text Classification and Categorisation

Lewis (1992b) states that there are two main groups of content-based text processing
tasks: te xt c lassification a nd te xt understanding. T ext c lassification in volves “ the
assigning of documents or parts of documents to one or more of a number of groups”
(ibid, p.2). Text understanding, on the other hand, is a more complicated process that
may involve “extracting formatted data, answering questions and s ummarization or

abstracting” (ibid, p.2).

Text cl assification, t he focus o f o ur r esearch, ¢ an be further b roken do wn into a
number of different activities—document retrieval, text retrieval, text categorisation,
text r outing, te rm ¢ ategorisation, d ocument c lustering, t erm c lustering, a nd la tent
indexing (Lewis 1992b). Our research focuses on text categorisation, which is the
“classification o fd ocuments w ithr espectt o as eto fo neo rm ore pre-existing
categories” (ibid, p.3). Whilst the most common application of text categorisation is
indexing doc uments f ort extr etrievalw itha vi ewt oc reating doc ument
representatives, it can also be used for text understanding to filter out uninteresting

sections of data, or to categorise documents directly for a human user. Our research
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focuses on this latter type of text categorisation—specifically, we aim to predict the
likely s hare price response (up or down) based on t he textual c ontent of financial

documents.

The r emainder o fth iss ectionw ill b riefly introduce to picsr elated to te xt
classification, including document and text retrieval, as well as machine learning. In
Sections 3.3t 0 3.5, we will discuss the topics o f automatic financial a nalysis and

classification in detail, as these are most relevant to our own research.

In his text ‘ Information Retrieval’, van Rijsbergen (1979) discussed e arly work on
automatic text analysis that focused on statistical rather than linguistic approaches.
Luhn (1958), who focused on the automatic creation of literature abstracts, examined
word frequency and distribution, stating that “the frequency of word occurrence in an
article furnishes a useful measure o f word significance” (ibid, p.160). Obviously,
word frequency alone should not be the sole consideration—hence the introduction of
stop-lists and other techniques to eliminate any “useless” frequently-occurring words.
Luhn also went on to say that words can be considered more significant if they are
frequently f ound n ear e ach ot her within t he s ame s entence a nd t hat t he r elative
position of t hese s ignificant w ords within a s entence, i s au seful d eterminer o
significant sentences. It is important to note here that such measures of significance

do not consider relevant linguistic issues such as grammar and syntax (ibid).

According to Sparck Jones and Willett (1997), “the task of an IR system is to retrieve
documents or texts with information content that is relevant to a user’s information
need.” (ibid, p.1) A s stated earlier, document retrieval is essentially a classification
task (Sparck Jones and Willett 1997; Lewis 1992b) as it 1s undertaken for a specific
purpose (van Rijsbergen 1979). Document retrieval comprises two main activities:
indexing and s earching. Inthe early research, automated s earching w as t he m ain
focus, but later automated indexing became a priority also (Sparck Jones and Willett
1997). Indexing is undertaken to classify documents so they match future requests

and searching is undertaken to classify a file into “matching and nonmatching parts”

(ibid, p.2).
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van R ijsbergen highlighted t hree b asic steps that usuallyneedto b etaken w hen

developing a text processing system that can generate a document representative from

aninputtext. Aninputtextcouldbea title, ab stract, or t he co mplete text. A

document representative is needed so it can be used by an automatic retrieval system

and1tcanbe generated us ing s tatistical, | inguistic, or know ledge-based m ethods

[Lewis 1998]. The three basic text processing steps are as follows:

1. Remove high frequency words using a stoplist.

2. Strip suffixes using a complete list of suffixes and remove the longest one. One
major di sadvantage t o t his m ethod i s t hat it ignores c ontext, s o ¢ ontext r ules
should ideally be devised and suffixes only removed, if the context is right. van
Rijsbergen cites the examples of FACTUAL and EQUAL, where one would not
want to remove the suffix UAL from EQUAL.

3. Detect equivalent stems. Once suffixes have been removed, the creation of a list
of equivalent stem-endings can further help the process. T wo stems should only
match if they have equivalent s tem-endings e.g. B and P T for A BSORB- and
ABSORPT-. These stems should be combined into one, or conflated. However,
words with equivalent stem endings are not necessary equivalent. For example,
NEUTRON and NEUTRALISE should not be indexed as one concept. W hilst
errors are i nevitable, the g oal s hould be t o m inimise t he e rrorsas mucha s

possible.

The doc ument representative that em erges from t he t ext p rocessing process can
contain features such as single keywords, n-grams, phrases, terms, or named entities
(Lewis 1998; Kosala and Blockeel 2000). Commonly used feature selection methods
include the b ag-of-words a pproach, information gain, Term F requency by Inverse
Document Frequency (TF*IDF), and the vector space model (Fagan 1987; Kosala and
Blockeel 2000).

Salton (1970) highlighted Luhn’s contributions stating that newer indexing and text
analysis systems typically comprise the following types of operations:
1. Words, word stems, noun phrases, and other “content units” are chosen from the

user’s query text (ibid, p.335).
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2. Weights are assigned to each content unit (or expression), typically based on the
frequency, pos ition, or type of e xpression. The ¢ ommonly-used bag-of-words
approach to indexing (Caropreso et al 2001) represents a document as a vector of
weights based on the frequency of each word in the document. Words (features)
are a ssumed t o be independent of e ach otheri.e. word order is not i mportant
(Kosala and Blockeel 2000; Manning et al 2009). Other variants of the bag-of-
words approach use word stems (as oppos ed w ords) or simply the presence or
absence of words; this latter variant is also known as binary feature weighting
(Lewis 1998) or the set-of-words approach (Kosala and Blockeel 2000; Caropreso
et al 2001).

3. Expressions can be developed further using a stored dictionary or by considering
statistical measures of co-occurrence between terms in a collection, or syntactical
relations between terms.

4. Each document to be indexed is identified by a set of weighted terms, not all of

which necessarily appear in the document.

Early indexing experiments compared automatically-derived index terms with a list of
manually-derived t opics ( Salton 1970 ). H uman e xperts t ypically de veloped t he
performance ev aluation cr iteriai nt hese ear ly s ystems. Later s tudies i ncluded
Cleverdon’s Cranfield e xperiments, which involved manual indexing but automated
searching a nd S alton’s S MART pr oject, w hich a utomated i ndexing a s w ell as

searching ( Salton 1970 ; Sparck J ones a nd W illett 1997 ). S alton’s pr oject, i n
particular, extended t he e arly t ext a nalysis m ethods t o doc umentation in va rious
fields. Also, these systems defined many of the effectiveness measures that are still
used t oday, including recall an d p recision (Salton 1970 ; Sparck J ones and W illett
1997). R ecall m easures t he pr oportion of r elevant ¢ ontent r etrieved. P recision
measures the proportion of retrieved material that is actually relevant (Salton 1970;
Frakes and Baeza-Yates 1992). W hilst these figures are plotted against each other
and the goal is to achieve a high score for both—1 is the ideal—Salton reminds us
that br oadening t he s earch formulation can1ead to hi gh recall but n arrowing t he
search formulation c an lead t o hi gh pr ecision ( see F igure 3.1). O ftentimes, itis
necessary to co mpromise, by ai ming for a h igh recall r ate but only an accep table

precision r ate. Salton recommended us ing interactive s earch m ethods t o 1 mprove
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retrieval performance. T hese methods use multiple searches based on user feedback

information supplied during the search process.

More r ecently, IR r esearchers ha ve t urned t heir a ttention t o us ing non -statistical
methods for indexing, in particular those methods that focus on semantically richer
data such as syntactic phrases or a combination of phrases and words (Caropreso et al
2001). H owever, one disadvantage to using phrases on t heir own is that they must
occur frequently enough to have an impact; also, several apparently different phrases

can mean the same thing (Caropreso et al 2001).

Precision

0

0 Recall 1

Figure 3.1: Recall-precision graph (Frakes and Baeza-Yates 1992 p.11)

We w ill now turn our focusto automated t ext c lassification, t he s ubject of our
research. Sparck Jones and Willett state that classifications can be static or dynamic,
the la tter “involving learning in r esponse t o t raining ex amples or feedback” (ibid,
p.-2). Machine learning includes both supervised and unsupervised learning methods
(Lewis 1992b). Unsupervised learning methods include word or document clustering
as well as term weighting methods, which aim to find structure in large bodies of text
that can improve document representations. S upervised learning, on the other hand,
is t he p rocess o f “mechanically b uilding a classifier for a s et o fk nown cl asses”

(Lewis 1992b p.11). Our research involves supervised learning.

We discussed earlier that there are a variety of textual representations that can be used
to analyse text. Likewise, there are a number of different types of machine learning

algorithms a nd m ethods t hat ha ve be en us ed e xtensively f or v arious pur poses,
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including d ata min ing ( Quinlan 1993 ; Mitchell 1997 ; Tay etal 2003 ). M achine
learning methods include:

e Decision trees/ rule induction classification models.

e Support vector machines.

e Neural networks.

¢ Genetic algorithms.

e Bayesian classifiers.

e Instance-based learning methods.

e Statistical machine learning techniques.

Our study represents documents using automatically-extracted financial event phrases
and ke ywords and w e experiment w ith tw o classification me thods—decision trees
and support vector machines. We also compare the performance of these experiments
with two commonly-used baseline approaches to document representation—bag-of-
words and n-gram representation [ Kossala and Blockeel 2000]. In the bag-of-words
experiments, we use Naive Bayes for classification but in the n-gram experiments, we
use de cision trees and a s upport ve ctor m achine. A di scussion of each of these

experiments can be found in Chapter 6.

Ast he literature in the area of a utomated te xt ¢ lassification is va st, w € now

concentrate our | iterature r eview o n t he automatic an alysis an d cl assification o f
financial documents, as thatis the specific focus of our research. A number of
different data sources, features, goals, and methods have been used for this purpose.
Table 3.1 outlines the data sources used (online news stories or messages; on- or off-
line statements or reports) and the features examined (single words; keyword records
and phr ases; financial r atios a nd va riables). S ome a uthors us ed ¢ ombinations of
features, w hilst ot hers just us ed one feature type. Inthe studies described in this
chapter, the financial ratios and variables are extracted from document c ontent, not
from time series. Goals also varied (prediction of prices, prediction of direction or
trends; id entification o f ma rket o r me ssage s entiment; o ther g oals). 'Other goals'
include pr edicting going ¢ oncern ¢ ompanies a nd pr edicting t he vol atility of

companies or markets. A number of different machine learning methods have also

been used; the most frequently used methods include decision trees and rule induction
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algorithms, ne ural ne tworks, s upport ve ctor machines, a nd Bayesian m ethods.
However, statistical methods, language modelling, multiple discriminant analysis, k-
nearest neighbour, and genetic algorithms were also used. A sthese latter methods
were not used very o ften, they have been categorised together as 'other methods' in
Table 3.1. In Chapter 6, we will discuss the features of the two machine learning

algorithms we used—C4.5 and SVM-Light (Sections 6.2.1 and 6.3.1 respectively).

48



Data Sources Document Features Goals Methods*
Examined
|
g m
'3 E
@ g o k51
B b= & £
@ 2 s = =
g 5 & 2 2
£ o) 2 @ & 2 5
Z i 218 = 3
g 2 £ k| g 5 % . .
- T I|= 2 2 : s
o 2 g =1 4 = = 5 S
£ 3 s B | & E TOE 3
2 < 3 5 & S =] = 2 w
5 2 g - 8 £ o = 3 s g 3 2
20 g = | £ 2 s & = | 2 s 2 2
cEl e 51 ¢ =& § E§|= 2 < g z
z ° g 5 s 5 i b=t 5 2 = £ £ g
g = £ z 2 2 i & % = z o
| =2 g 2 5 | 3B £ 2 3 H s & &
Author(s)** £ S S 7 ™ D £ = S a zZ 7 & 5]
Das and Chen (2001) 50 * * * . N
Swales and Yoon (1992) 53 * * * o * *
Schumaker and Chen (2006) 54 & * * o * *
Mittermayer and Knolmayer (2006a) 56 &l * * * * *
Fung et al (2005) 60 * * * * *
Antweiler and Frank (2004) 61 o * D * *
Antweiler and Frank (2006) 62 & * o *
Gidofalvi (2001) 63 * * * * *
Liu et al (2006) 65 * * * *
Lavrenko et al (2000) 67 * * * o * *
Koppel and Shtrimberg (2004) 69 o * * * * *
Kroha and Baeza-Yates (2004) 71 © * o * *
Kroha et al (2006) 73 * * * *
Tetlock (2007) 74 * * * *
Tetlock et al (2008) 75 * * * *
Engelberg (2008) 76 © * © *
Henry (2008) 79 K * * * *
Loughran and McDonald (2011b) 80 & * * *
Permunetilleke and Wong (2002) 85 o * © * * *
Wiithrich et al (1998) 87 o * o * * *
Thomas and Sycara (2000) 89 * * * N
Cho et al (1999) 90 * * * *
Thomas (2003) 92 o * * *
Seo et al (2004) 94 o * * * *
van Bunningen (2004) 9% * * * ¥ N
Koh and Low (2004) 98 o * * * * *
Qi (1999)*** 99 ? ? * © * *
Kryzanowski et al (1993) 100 2 * * *
Lam (2004) 101 * * * *
Slattery (2012) o * * * * * *

Table 3.1 Data sources, document features examined, goals, and methods used for the automatic analysis and classification of financial documents.
*The categories of methods have been adapted from Berthold and Hand (2003) and Tay et al (2003).

**The papers are listed in the order in which they are discussed (i.e. by features examined).
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3.3 Single Words

Das and Chen (2001) experimented with five different algorithms to measure emotive
(not f actual) s entiments i n Y ahoo m essage pos tings a nd t o ¢ lassify m essages a s
bullish (optimistic), b earish ( pessimistic), or neutral'®. N eutral m essages included
spam m essages and a mbiguous messages t hat w ere d eemed n either b ullish n or

bearish.

A number of pre-processing techniques were employed. Firstly, the messages were
downloaded f romt he Webus inga W eb s craper pr ogram, w hich d ownloaded
thousands of messages from Y ahoo ina few minutes. T he HTML tags were then
parsed out of the text and all abbreviations were expanded. F inally, they performed
some g rammatical pr ocessing i n or der t o t ag ne gation e ffects i n s entences. T he
purpose was to ensure the classifier could process sentences that contained reverse
meanings (e.g. the statement Company X is reporting a profit this year means the

opposite to Company X is not reporting a profit this year).

Their approach used three sources of data. Firstly, the Computer User Version of the
Oxford Advanced Learner's Dictionary (CUVOALD) was used for basic lexical items
(e.g. adjectives, adverbs, and parts-of-speech tagging information). They also used a
lexicon of financial words. T he words in the lexicon w ere hand-selected but al so
statistically processed, to determine the strongest discriminators (i.e. the words that
were most likely to help the classifier). Each word in the lexicon was presented with
its base value (a figure which corresponded to the classification c ategory it w ould
most typically belong to e.g. 0 for null messages, 1 for sell messages, and 2 for buy
messages). E ach 1 exical en try also co ntained al | f orms o f't he w ord, ex panded
abbreviations, and negation effects. The third source of data was the grammar, which
typically comprised a training setof300to 500 manually classified m essages; as
mentioned previously, each message was classified as bullish, bearish, or neutral. It
is important to note that there was a disagreement rate of 27.54% when they asked a
second r eader t o cl assify manually t he s ame 3 74 t raining m essages a nd 64 t est

messages. T his de monstrates how a mbiguous online m essages c an b e, and w hy

'8 A bullish investor is eager to buy or sell and a bearish investor is too shy to buy or sell.
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manual or automatic classification of such messages can be extremely difficult.

The en tire co llection comprised over 25,000 messages r elating to e ight s tocks,
spanning approximately 100 stock days. The stock prices at the time of each message
posting were also downloaded. They employed five algorithms: naive Bayes (NB), a
vector distance classifier (VDC), a discriminant-based classifier (DBC), an adjective-
adverb p hrase cl assifier ( AAPC), an d a B ayesian cl assifier ( BC). Theya Iso
experimented with three voting schemes. The first voting scheme required three of
the five classifiers to agree on the message type (bullish, bearish, or neutral). T he
second scheme required four of the classifiers to agree, and the third scheme required
all five classifiers to have consensus on the message type. Even though the accuracy
of the classification improved significantly when they moved from simple majority to
consensus, the number of messages classified decreased. Because two humans hand-
tagged t he training m essages and t hey di sagreed on s everal m essages, the a uthors
employed voting schemes to ensure that only messages that could be agreed on by the
majority (or all) of the schemes were used during classification, thereby guaranteeing
high levels of precision but low levels of recall. Ambiguous messages were deemed

not useful and were therefore not classified by the algorithms.

As m entioned pr eviously, t he t wo hum an s ubjects w ho h and-tagged t he t raining
messages di sagreed on 27.54% of t he c lassifications, w hich g ave an "agreement
coefficient" of 72.46%. Das and Chen used the agreement coefficient as one of the
performance be nchmarks; t he ot her benchmarks w ere pe rfect pe rformance ( 100%
classification accuracy) and random guessing (33% in this three-way classification).
The f ivecl assifiers w ere eachev aluated fort heiri ndividual cl assification
performances (attempted classifications only, ignoring any ambiguous messages) and

then the voting schemes were employed, to see if they improved the performances.

With the i ndividual a lgorithms, t he be st pe rformance w as w ith t he B C, w hich
achieved 53.13% accuracy on the 64 test messages. The AAPC achieved a promising
result also; 51.56% of the 64 test messages were correctly classified, implying that an
adjective or adverb coupled with the two words immediately following or preceding it

in the message provides a useful indication of sentiment. T he poorest performance
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was with the VDC, which achieved 42.19% accuracy on the 64 test messages.

When Das and Chen employed the simple majority voting scheme (three of the five
algorithms agreed), 61.54% accuracy was achieved when 80% of the test messages
were attempted; t his 80% a ttemptr ate compares f avourably with t he 72.46%

agreement co efficient. T he cl assification accu racy i ncreased t o 8 5% when f our
algorithms agreed but the number of attempted messages decreased to 31.25%. When
there was consensus amongst all five al gorithms, the classification accuracy rose to

100% but only 7.81% of the messages were attempted.

Das and C hen also c reated a s entiment in dex to me asure th e s entiments in th e
messages. For each message, they created a time series of sentiment, by incrementing
the s entiment index b y 1 w henever a bul lish m essage w as pos ted ( i.e. bul lish
according to the al gorithms) and decrementing it by 1 whenever a b earish message
was posted. T he index began at 0 a nd the stock prices were collected whenever a
message was posted. In most cases, the visual plots of the index'’ clearly showed a
correlation be tween s tock prices and s entiment. In s ome instances, t he s entiment
responded almost i mmediately t o t he s tock p rice ch ange; i n o ther i nstances, t he
sentiment lead the stock price, and in other instances, the sentiment lagged the stock
price. A subsequent correlation analysis of lead and lag times, found that for the most
part, sentiment lagged stock price by approximately 50 minutes (i.e. it took about 50
minutes for message board sentiment to reflect the stock price) but there were also
some instances w hen t he s entiment 1 ead t he s tock price. T his pr ompted them to
undertake a more in-depth phase-lag analysis to identify whether a major pattern first
emerged in the stock graph or the sentiment graph. T hey found that in almost all
cases, the sentiment lagged the stock price so the message sentiment was not a useful
predictor. Ina related study, Das etal (2005) also found that stock returns drive
message s entiment. In terms o f limita tions, th e r esearchers d id n ot c ompare th eir

methods to baseline approaches and they did not adopt a trading strategy.

' See Figures 2-7 in the Appendices of Das and Chen (2001).
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In an earlier study, Swales and Yoon (1992) examined the ability of artificial neural
networks (ANNSs) to predict stocks that are likely to perform poorly or well, based on
the c ontents of the President's Letter to Stockholders, a component of the A nnual
Report. T he performances of different ANNs were compared with the performance

of multiple discriminant analysis (MDA).

Swales and Y oon created two data sets using the Fortune 500 l istings and Business
Week listings. T he 58 companies with the hi ghest returns w ere s elected from the
former source and the 40 companies with the highest market valuations were selected
from the latter source. They then split these two datasets into two sub-groups: the
highest a nd | owest r eturns or hi ghest a nd | owest va luations r espectively. T he
Business Week data was used as the training set and the Fortune 500 data was used as

the test set.

For each company in each dataset, both the supervised neural network and a nine-
variable M DA us ed the frequency of references to c ommon themes to predict the
future s tock p rice p erformance. T he p ercentage o f etters t hat alluded t o eac h
particular theme was also taken into account. T hemes were identified using content
analysis of s imilar words a nd phr ases and t hey included references to g rowth,
strategic plans, and anticipated gains and losses. U nfortunately, the authors did not

state whether the content analysis was performed manually or automatically.

Swales and Y oon tested three different ANN architectures: a t wo-layer, three-layer,
and four-layer neural network. They experimented with different architectures to see
if the hi dden uni ts int he t hree- and f our-layer ANNs supported a ny non -linear
function between the input (the theme of the letters) and output units (are they good
or poor performing firms?). They did not state how many neurons there were per
layer. When a three-layer or four-layer architecture was used, the ANN performed
better than the M DA with the training set. F or example, the three- and four-layer
ANNSs both achieved 86 % accuracy when attempting to classify the high valuation
companies in the training set, whereas the MDA only achieved 72% accuracy. When
attempting to classify the low valuation companies, the four-layer ANN significantly

outperformed the MDA, achieving 96% accuracy, as opposed to 76% for the MDA.
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Fort he s ame | ow va luation ¢ ompanies, t he three-layer A NN p erformed onl y

marginally better than the MDA, achieving 79% accuracy as opposed to 76%.

The test data produced slightly different results. T he three- and four-layer A NNs
outperformed the MDA for high return companies (they both achieved 90% accuracy,
as opposed to 70% for the MDA) but the results for low return companies were much
lower for the ANNs and much closer to the MDA results. The three- and four-layer
ANNSs achieved only 50% and 65 % accuracy respectively, both much closer to the
MDA accuracy (60%). Looking at just the mean results for the testing data, the four-
layer ANN achieved the highest mean accuracy (77%), followed by the three-layer
ANN (70%), and then the MDA (65%). T he two-layer A NN achieved the 1 owest

mean accuracy with the testing data (52%).

The authors also had another interesting finding; during the training phase, the MDA,
two-layer ANN, and four-layer ANN were more accurate at predicting low valuation
companies, than high valuation companies. H owever, during the testing phase, the
MDA an dt het hree ANNsw ere m ore ac curate w hen p redicting high r eturn
companies, than low return companies. Unfortunately they did not state the learning
rates or propose any rationale for these unusual results. Also, they did not report on
the statistical significance of any of their findings and the only evaluation metric they

used was prediction accuracy.

Schumaker a nd C hen (2006) experimented w ith t hree t extual r epresentations of
Yahoo! Finance o nline n ews ar ticles, t o d etermine w hich r epresentation can b est
predict future s tock prices. Unlike m ost ot her authors, t heir goal was to predict
discrete stock prices, not the direction of the stock price, although they did evaluate
the d irectional a ccuracy al so. T he t hree representations w ere b ag-of-words, noun
phrases, and named entities. They gathered 9,211 articles and over ten million stock
quotes for a five-week period during 2005. T hey decided to ignore any articles that
occurred within 20 minutes of another article, to eliminate articles that might lead to
conflicting results. T hey then filtered out any terms that o ccurred 1 ess than three
times in any document, which resulted in the following breakdown for each textual

representation (see Table 3.2).
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Textual Representation Number of Terms Number of Articles

Bag-of-words 5,285 terms 2,853 articles
Noun phrases 5,293 terms 2,861 articles
Named entities 2,858 terms 2,760 articles

Table 3.2: Breakdown for each textual representation ( Schumaker and Chen

2006).

Their pr ototype s ystem (AZFinText) us ed t he t hree r epresentations for e ach ne ws
article and a derivative of a support vector machine (SVM) to predict the stock price
20 minutes after the release of the article. They used three evaluation metrics for the
SVM and compared the results of each metric with the equivalent results from linear
regression (LR). The first metric was closeness, which used the mean squared error
to compare the predicted stock price with the actual stock price. T he second metric
was directional accuracy, which compared the predicted direction of the stock price
change with the actual stock price direction. The third metric was a simulated trading
engine, w hich evaluated each article and bought (shorted) the stock if the predicted
+20 minute stock price was greater than or equal to 1% movement from the price
when the article was released. A fter 20 m inutes elapsed, any bought/shorted stocks

were sold. Their SVM model outperformed the LR for all three evaluation metrics.

Looking at the simulated trading engine results for SVM and LR respectively, they
found that the bag-of-words approach would have earned $5,111 (SVM) versus a loss
of $1,809 (LR). Similarly, noun phrases would have earned $6,353 (SVM) versus a
loss of $1,809 (LR). Finally, named entities would have gained $3,893 (SVM) versus
aloss of $1,879 ( LR). T he authors also e xamined e ach t extual r epresentation, to
determine w hich o ne was b estat p redicting s tock pr ices. Interestingly, s ome
representations pe rformed be tter t han ot hers, d epending on t he m etric used. F or
example, named entities had the lowest mean squared error (MSE) when measuring
closeness (0.03346), bag-of-words had the next lowest (0.04713), and noun phr ases
had the highest MSE (0.05826) with p-values < 0.01. However, when they measured
directional accuracy, named entities had the poorest result (49.2%) and noun phrases

had the best result (50.7%).
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Schumaker a nd C hen e xamined t hese a pparently conflicting r esults f urther, b y
looking at the cash outlay required to make these returns. Even though noun phrases
apparently yielded the highest profit ($6,353), the simulated trading strategy for noun
phrases required a n i nvestment of $ 295,000, yielding areturn o 2.1 5%. They
proposed t hat e ven t hough noun phrases were good for directional a ccuracy, their
investment strategy was inadequate for prediction purposes due to the large number
of poor stocks chosen. Named entities, on the other hand, which apparently yielded
the 1 owest pr ofit ( $3,893), a ctually yieldedt he hi ghestr eturn ( 3.60%)a sa n
investment of only $108,000 was needed. In other words, a high directional accuracy
does not necessarily imply a highly profitable trading strategy. Schumaker and Chen
proposed that named entities generate a “minimally representative essence” of news
articles an d t hatt hese " essences" are be tter than noun phr ases f or short-term
prediction. T hey hi ghlighted s ome limitations of their approach, namely that their
dataset w as r elatively s mall an d t hey o nly used co mpanies from the S tandard and
Poors (S&P) 500; perhaps specific industry groups would have yielded better results.
They also pr oposed t hat ot her m achine 1 earning t echniques could be evaluated.
Whilst they did not consider transaction costs, inflation, or spread, particular strengths
of this s tudy include t heir us e of various e valuation m etrics ( baseline a pproaches,
prediction accuracy, closeness, and a simulated trading strategy) and their use of 10-

fold cross validation and statistical measures to ensure robustness.

Mittermayer and K nolmayer ( 2006a) examined the i mpact o f P RNewswire p ress
releases on stock price trends. Like other authors who assumed that the markets react
promptly to news and events (see Section 2.4 for a discussion on how markets react),
Mittermayer and K nolmayer decided to use intra-day prices rather than end-of-day
prices. T hey de veloped a ha nd-made t hesaurus of w ords a nd phr ases t hat t hey
proposed had the largest impact on p rices; the thesaurus consisted of single w ords
(e.g. up and down), phrases (e.g. formal investigation and sales climb), and tuples of
words and phrases (e.g. approve near the words financial guidance). T he thesaurus
was used in conjunction with a bag-of-words model to define the features present in
each press release. However, ifa pressrelease contained a feature t hat w as n ot
present in the bag-of-words but was present in the thesaurus, then that feature was

still included in the training data.
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Their N ewsCATS s ystem co ntained t hree s ub-components: a doc ument pr e-
processing engine, a categorisation engine, and a trading engine. The document pre-
processing en gine created the feature list for the training data (press releases) using
the ba g-of-words m ethod and various feature s election functions, including inverse
document frequency (IDF), collection term frequency (CTF), and i nformation gain
(IG). IDF was the default function but the other settings were also evaluated. T he
number of features was limited to 15% of the number of documents in the training
collection, using the 10 to 15 features recommended by Lewis (1992b) as a guideline.
The engine then mapped the training data into vectors, using the values obtained from
various f unctions—within-document f requency (WDF), IDF, W DF*IDF, a nd
Boolification. T he c ategorisation e ngine t hen us ed t hese v ectors with va rious
algorithms to categorise each press release into a category. The algorithms included a
linear s upport ve ctor m achine (SVM), a non -linear S VM, k -nearest ne ighbour ( k-
NN), and Rocchio. Finally, the trading engine recommended a trading signal based

on the categorisation results.

The authors extracted transaction prices from the NYSE Trade and Quote Database.
Prices for the S&P 500 were in 15-second intervals over a nine-month period in 2002.
They then calculated a series of two-minute moving averages after the press releases
were made available resulting in 49 moving averages, which were compared with the
average one minute b efore and the av erage one minute after the press release w as
made a vailable. W hilstt hey i nitially obt ained 18,000 pr ess releases f rom
PRNewswire, they then performed filtering to remove releases posted at weekends,
releases posted outside of normal trading hours, and releases that referred to more
than one ticker s ymbol; t his filtering r esulted in 9,128 pr ess releases. T he press
releases were then filtered again to select only those they felt could actually have an
impact on share prices. This final filtering resulted in 989 press releases that referred
to one or more of seven pre-defined t opic classes. T he s even t opic cl asses w ere
'dividends', 'earnings projections or forecasts', 'financing a greements', 'legal i ssues',
'licensing/market a greements', 'offerings', and 'sales reports'. We believe this final
level o f filtering w as e xcessively restrictive as o nly 9 89 o f'th e in itial d ataset o f
18,000 press releases were used. A system s hould be capable o fdealing with all

types of news, not just those that were deemed by the researchers to have an impact.
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The 989 pr ess releases were made up of 83 'g ood', 42 ' bad', 504 ' neutral', and 360
'unclear' press releases. Unlike the previously discussed authors who used either two
or three prediction categories, the authors introduced a fourth category (unclear) to
catch press releases t hat w ere am biguous and c ould p otentially create noise inthe
system. Unclear releases were omitted from training but they were used for testing
purposes. For unexplained reasons, nine releases were randomly excluded, resulting

in a final collection of 980 releases.

Using 90% of the up, d own, and neutral collection for training and 10% of the up,
down, a nd n eutral collection f or t esting pur poses, t hey p erformed 10 -fold c ross
validation for all the experiments. Of the remaining 360 unclear releases, which were

not used for training, 10% of these were added to each of the ten test sets.

Rather than implement a one-sided early exit strategy which would require one to sell
if the investment rose by a certain percentage or more, they implemented a two-sided
early exit strategy. In their strategy, if the investment rose 0.5%, they capitalised on
the gain by selling; on the other hand, if the investment declined by 2% or more, they
implemented what they called a "stop loss transaction" (ibid, p.3). In other words,
whenever 'good' predictions were made, they bought the stock long and sold later and
whenever 'bad' p redictions w ere m ade, they s old t he s tock s hort and b ought ba ck
later. For all their experiments, they evaluated the results with and without this two-

sided early exit strategy.

The av erage p erformance o f N ewsCATS u sing t he IDF d efault s etting w as fi rst
compared with random guessing. Looking at the harmonic mean of macro average
precision and recall, N ewsCATS achieved 66% a ccuracy c ompared with 33% for
random guessing. Looking atthe overall a ccuracy (i.e. the pe rcentage of c orrect
predictions), N ewsCATS achieved 82% a ccuracy, c ompared with 33% for random
guessing. W hen they did not use their early exit strategy, they achieved a profit per
roundtrip of 0.22%, marginally lower than the 0.23% profit achieved by Lavrenko et
al. (2000). O ne roundtrip occurs when an investor purchases a quantity of stock in
one transaction and sells that quantity of stock the same day, regardless of how many

sale t ransactions are i nvolved; t wo r oundtrips oc cur w hen an i nvestor makes t wo
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separate stock purchases the same day and sells them all the same day. However,
when they imp lemented the early exit s trategy, the NewsCATS profit in creased to
0.27%; they assume that their careful selection and filtering of data to eliminate noise

contributed to this improved result.

Mittermayer a nd K nolmayer performeda robustness a nalysis one achof t he
adjustable parameters by varying the feature selection function, the size of the feature
set, t he doc ument r epresentation, a nd t he c lassifier. T he be st-performing fe ature
selection function w as CTF, w hich a chieved a ha rmonic m ean of m acro a verage
precision and recall of 69% and an overall accuracy of 83%. Note how these results
are marginally higher than the previously reported results achieved by IDF (66% and
82%). C TF also e arned t he hi ghest pr ofit pe r r oundtrip (0.28%) and the hi ghest
overall profit (94%), when the early-exit strategy was employed. When they varied
the size of the feature set between 5% and 25% of the number of documents, they did
not find any improvement in performance over the default setting of 15%. Whilst the
profit per roundtrip with an early-exit strategy was highest when the feature set was
only 5% of the document collection (0.34%), the total profit was the lowest overall
(88%) as there was a smaller number of roundtrips overall. W hen they tried various
techniques for representing the document vectors, they found that the default method
(WDF*IDF) p erformed the be st; t he p rofit per roundtrip w as 0.28 % and the t otal
profit w as 94% , when an e arly-exit s trategy wasus ed. T he IDF a nd B oolean
representations resulted in profits per roundtrip below zero. W hen they varied the
algorithms, they found that a non-linear S VM with a pol ynomial kernel earned the
highest overall profit with and without the exit strategy (91% and 98% respectively).
However, t he ha rmonic m ean of m acro-averaged pr ecision a nd r ecall w as onl y

marginally higher (68.9%) than linear SVM, the default algorithm (68.7%).

Whilst the authors did report a high profit per roundtrip with an early exit strategy
(0.29% w hen they us ed non -linear S VM), they did not t ake t ransaction c osts i nto
account. They stated that this was intentional, as they wanted to compare their study
with previous studies. They also did not consider inflation or costs associated with
the s pread. Some s trengths of t his s tudy i nclude a range of evaluation m etrics

(random guessing, prediction accuracy, precision and recall, and adoption of a trading
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strategy), theirus e of 10-fold cross-validation, and au tomated feature s election

methods (including IDF).

Fung et al (2005) focused on aligning the words in 350,000 Reuters news stories with
tertiary mo vements in  stock p rices u sing th e term f requency-inverted doc ument
frequency (T F*IDF) w eighting s cheme an d t he E fficient M arkets H ypothesis ( see
Section 2.2 f ora di scussion). W hilst they defined a t ertiary m ovementa s a

movement that "lasts for less than three weeks, which denotes the short-term market
behaviour" (p.1), Faerber (2000) defined tertiary movements as daily movements that

are "inconsequential due to their erratic nature and volatility" (p.181).

Fung et al warned a gainst the danger o f incorrectly aligning a news story with the
general trend o fa t ime s eries; for ex ample, even though the general trend maybe
rising, t he e xact obs ervation w hen t he ne ws s tory i s r eleased ( if using t he E MH
formulation) could be a decrease. T o counteract the problem of incorrect alignment,
they used a segmentation algorithm. E ach document in the training collection was
then r epresented b ya Vector S pace M odel an d cl assified u sing a s upport v ector
machine (SVM) algorithm into one of three categories: positive, negative, or neutral,
depending on whether the stock price rose significantly, dropped significantly, or did
not rise or drop. The breakdown of training and testing data was not provided and it

1s not clear if cross validation was used.

They described t wo s imulation m ethods f or e valuating t he pe rformance of t heir
prototype s ystem: (1) they employed their prototype s ystem, which requires one to
buy and s ell f requently, de pending ont he content of ne ws s tories a nd ( 2) t hey
employed the buy-and-hold test, which requires one to buy and hold everything at the
start and not sell anything until the end. T hey calculated the rate of return for both
methods and found that the first far outperformed the second (the accumulated return
results were 18.06 a nd —20.56 respectively). Whilst they assumed zero transaction
costs and they did not consider inflation or costs associated w ith the s pread, they
found that the rate of return for their prototype was found to be statistically significant
at the 0.5% level (versus a randomised test), when they undertook 1000 additional

simulations.
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They also performed a hit-rate analysis to determine how often the hit rate (sign of
the r eturn) c ould be predicted accurately. T hey found that t heir prototype system
yielded t he hi ghest hit rate and a ccumulated r eturn w ithin a pr ediction pe riod o f
three-to-five days. For a prediction period of three days, the hit rate was 61.6% and
the accumulated return was 18.06. For a prediction period of five days, the hit rate
was 65.4% and the return was 21.49.  Strengths of this s tudy include their use of
various e valuation m etrics (random guessing, hit r ate a nalysis, and adoption of a

trading strategy) and their use of statistical analysis to verify robustness.

In another prediction study, Antweiler and Frank (2004) looked at the content of over
1.5 million Yahoo! Finance and Raging Bull message board postings as well as Wall
Street J ournal news entries for 45 companies. The messages w ere typically 20-50

words in length and one message was downloaded per day for each company.

In their first experiment, they used 1,000 messages that were manually classified as
'buy', 'hold', or 'sell' (25.2%, 69.3%, and 5.5% of the collection respectively). 'Hold'
messages should not be bought or sold. They restricted the vocabulary set to the top
1,000 words, as ranked by information gain, and then used naive Bayes to classify
those training messages. Even though they also experimented with a support vector
machine (SVM) algorithm, they did not report on those results, as they were similar
tot hose of na ive B ayes, 1 .e. 18.1% ( 'buy'), 65.9% ( 'hold'),a nd 4 .1% ( 'sell')

respectively.

The authors also classified the complete collection of over 1.5 million messages but
they did not report on the accuracy of those classifications, possibly because they had
only manually classified 1,000 m essages (although this was not stated). O nly the
total pe rcentages of 'buy', 'hold', or 'sell' ¢ lassifications w ere given; unf ortunately,
these figures cannot be directly compared with the matrix of manual classifications,
as t hey m ay i nclude m isclassifications. O ther findings i nclude an "economically
small b ut s tatistically r obust" r elationship (ibid, p. 1261) between t he number of
postings a nd ne gative s ubsequent s tock r eturns t he s ubsequent day, and a s trong

positive relationship between the number of message postings and volatility.
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In a follow-on study, Antweiler and Frank (2006) changed their focus to classifying
Wall S treet J ournal n ews s tories b y t opic, rather t han classifying m essage b oard
postings as bullish or bearish. Their study differed from many previous event studies
in th at they examined th e imp act o f mu Itiple e vent t ypes r ather t han s ingle event
types, thereby avoiding publication bias. They also used various event windows that
spanned more than a month around the news event date; windows started three days
before the event to three days after and were 5, 10, 20, and 40 days in duration. They
read a random s ample of ne ws s tories and i dentified 67 ba sic ne ws t opics and 7
possible qualifiers. When they restricted the collection to topics which had at least 50
stories, this resulted in 43 categories. Like their previous study, they restricted the
vocabulary set to the top 1,000 words, as ranked by information gain, and then used

naive Bayes to classify over 200,000 news stories by topic.

With regard to the to pic classifications, th ey found th at many o f the classification
results matched conventional expectations. S ee Table 3.3 for some examples using

an event window that commenced two days before the news release.

News Topic 5-Day Response Statistical Significance Level
(t-2 to t+3)

Earnings reported up 52 99.9%

Earnings reported down -14.7 99.9%

Dividend increased 20.0 99.9%

Dividend decreased -21.2 95.0%

Stock split 33.4 99.9%

Table 3.3: A verage s tandardized ¢ umulative a bnormal r eturns f or n ews

events, scaled by 100 for readability purposes (Antweiler and Frank 2006).

They found that the 1ength and starting day of the window can have a significant
impact on the analysis of returns. For example, when they considered a 5-day event
window, all the windows t hat s tarted be fore the ne ws was released (i.e. t-3tot-1,
where tis th e release d ate) h ad s tatistically s ignificant p ositive a bnormal r eturns.
However, w hen t hey ¢ onsidered a 20 -day w indow, t he t hree s tarting da tes ha d
statistically significant negative returns. T herefore, depending on the window used,

one could incorrectly make the assumption that the majority of the news was good (or

62



bad). They also found that statistically significant returns generally became stronger
as the event window w as e xtended to include more post-event days i.e. when the
information was in the public domain; this scenario appears to reject the EMH? (see
Section 2.2 for a discussion). T hey found that the initial strong reaction to news,
regardless of whether it was pre- or post- the official news release date, was typically
followed b y a m ore | engthy r eversal o r o ver-reaction. T hey also found t hat t he
temporary jump in trading volume which accompanied the initial jumps, tended to be
followed by a gradual decline in trading volume. Finally, they found that the average
news stories tended to have a bigger and more prolonged impact during recessions
than during expansion periods. Strengths of this study include their use of feature
selection m ethods ( information g ain) as well as multiple w indows a nd s tatistical
measures to ensure robustness. However, evaluation of their results was limited only

to classification accuracy.

Gidofalvi (2001) used a naive Bayes classifier to learn numerical indicators from Biz
Yahoo! ne ws s tories. The e xperimental da taset c omprised 12 s tocks w ith hi gh-
frequency intra-day prices over a three-month p eriod between N ovember 1999 and
February 2000. Any articles that fell outside normal trading hours or outside the time
intervals, for w hich t hey had s tock prices, were di sregarded. D epending on t he
alignment window used (to be discussed shortly), there were 4,300-4,650 articles in

the training set and 1,300-1,650 articles in the test set.

Gidofalvi aligned each article with its stock price using a window of influence with
upper and lower time boundaries (e.g. [0,20], where 20 is 20 minutes after the release
of the article) and then scored each article using the B-value. The B-value is a
measure that compared the movement of the stock with the arithmetic average of the
selected stock prices. A movement of zero implied the stock price movement was as
expected; a movement greater than or less than zero implied that the movement was
respectively b etter or worse than expected. It is important to note here that some
stocks t hat r eceived a n egative m ovement s core act ually h ad p ositive s tock p rice

changes during the window of influence, and vice versa. This is because the B-value

%0 Antweiler and Frank did point out, however, that their rejection of the EMH might be attributable to
aspects of market microstructure, such as the length of time it takes traders to unwind large portfolio
positions.
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measure is a relative measure. It is based not only on the stock price change, but also
on the index price change and the expectation regarding how the stock price might
react to this change. W hen they calculated the B-values for individual stocks using
linear r egression, t hey found that s ome of the regression results had verylowr2
values; in other words, the predicted value did not correctly model the actual change
of the stock price. The author cited one possible reason for this, namely that several
articles mig ht contain i mportant n ews b ut o nly the first a rticle mig ht a ctually

influence the stock price.

Using these measures, he labelled each article as having an 'up', 'down', or 'expected’
movement. Like Antweiler and Frank (2004), Gidofalvi restricted the vocabulary set
to the top 1,000 words, as ranked by information gain, and then used naive Bayes to
classify those training messages. Unfortunately, the feature words were not provided
in this paper. H owever, in a subsequent paper, which used a di fferent dataset but
built on this study, Gidoéfalvi and Elkan (2003) provided the first 100 words. Words
like incumbent, exploited, unsophisticated, damn, and detergents were deemed highly
predictive for the up class and words like counted, fang, indefeasible, upgradeable,
and quadruples were de emed hi ghly predictive for the down class. Some of these
predictive w ords are quite unus ual and as Mittermayer a nd Knolmayer ( 2006b)
pointed out, it is difficult to accept that the top five words (sbc, msft, websphere, db,

and index) could be useful predictors.

Gidofalvi (2001) experimented with different labelling threshold values to ensure that
articles that contain negative words (e.g. shortfall or bankruptcy) would be correctly
labelled as 'down' and not as 'expected'; likewise, he wanted to ensure that articles
that contain positive words (e.g. propel or peak) would be correctly labelled 'up' and
not as'expected. W hen h e ex amined t he p rediction accu racy and i ts s tatistical
significance, t he b est cl assification ( relative t o r andom g uessing) an d t he h ighest
statistical significance, were achieved when the negative threshold value was —0.002
and the positive threshold value was +0.002. T hese values were then used for all

classification experiments.
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Gidofalvi also evaluated different alignments, to determine if the information in each
article influenced the stock price before the news article was released to the public, or
after it was released. The best prediction accuracy, relative to random guessing, was
achieved when a lignments 20 m inutes priort o a n a rticle b eing released a nd 20

minutes after an article being released, were used. Precision and recall were al so
greatest f or t hese al ignments. For al ignments g reater t han + 20 m inutes, t he
classification accuracy d ecreased. Even though the overall predictive power of the
classifier was low, he reported that the alignment result indicated that there is some
correlation b etween n ews ar ticles an d s tock prices. Some s trengths of t his s tudy
include t heir us e of m ultiple e valuation m etrics ( random guessing, pr ediction
accuracy, an d p recision an d recall), an d s tatistics t o m easure robustness. In the
follow-on study, Gidofalvi and E lkan (2003) implemented a min imal risk tr ading
strategy a nd found t hat for t he [ -20,0] a nd [ 0,4+20] a lignments, t he n aive B ayes
classifier performed significantly better than 1000 random traders for the prediction

certainty threshold 6=0.33.

Liu et al (2006) used Y ahoo! Finance message board postings to identify top expert
posters, to assign weights to their predictions, and to generate profitable returns. In
their s tudy, "experts" were d efined as any pos ters w ho c ontributed i nformation or
opinions ont he m essage boa rds. Because t hese e xperts could pot entially pos t
inaccurate pr edictionsupt o0 100% of t het ime, the au thors as signed g reater
weightings to to p e xpertsi. e. experts who historically pos ted m ore a ccurate
predictions t han other e xperts. T odot his, t hey adopted a "mixture of e xperts
framework", which "observes the predictions of a group of experts and combines the
individual pr edictions i nto a s ingle pr ediction... [ and] a utomatically 1 earns w hich
experts ar e t ypically most accurate" (ibid, p.4). T his framework d ifferentiates this
study from other message board studies we have already discussed such as Das and

Chen (2001) and Antweiler and Frank (2004).

In addition to discussing individual stocks, experts often post optional sentiment tags,
which indicate their prediction or recommendation i.e. 'strong buy', 'buy’, 'hold', 'sell’,
or 'strong sell'. F orthatreason, Liuetal did not need to focustheir efforts on

extracting s entiment f rom th e p ostings; th ey f elt th at th e s entiment ta gs w ere
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sufficient indicators. They used 71 datasets of messages with each dataset containing
messages about a different stock symbol. The dataset spanned a period of just under
twelve months. It is important to remember at this stage that experts sometimes have
hidden agendas and do not always post genuine predictions; the authors referred to
the s trategy of "pump[ing] and dum p[ing]" (ibid, p. 13), w hereby experts pos t
numerous 'strong buy' and 'buy' indicators to c ause other posters to purchase large

quantities of the stock and then they sell the stock at a quick profit.

In the "mixture of experts framework", multiple predictions by the same expert were
aggregated into a single prediction; | ikewise, multiple c onflicting p redictions w ere
aggregated i nto as ingle pr ediction. T heyus eda num ber of s trategies w hen
evaluating their fra mework—they experimented w ith " all aw ake ex perts" ( they
ignored "sleeping experts" or those experts who did not make any predictions at time
t), "top e xperts" (they used only those with the hi ghest w eights at time t), " worst
experts" (they used only those with th e lo west w eights at time t), and " threshold
experts" ( they us ed onl y those w ith t he hi ghest w eightings i nt he p ast). O ne
limitation o fth e " all a wake experts" is th at t hey could p otentially a Il h ave lo w
weights and therefore might not be very reliable; the "top e xperts" and " threshold
experts" were introduced to counteract that problem. T hey used the "worst experts"
to examine the effects of using experts with low weightings. Their baseline strategy

was the average of "all awake experts" (unweighted).

To evaluate the various trading strategies, they used the average rate of return as the
to-be-predicted variable. The rate of return was adjusted for market effects using the
price of the stock, the price of the S&P 500 i ndex, and the beta-value of the stock.
The beta-value of a stock is "a measure of how much the stock fluctuates with regards
to the market" (Liu et al 2006, p.7). Overall, they found that the "threshold experts"
strategy outperformed all other strategies. They also found that the "top experts" and
"all awake experts" performed roughly the same; on closer inspection they discovered
that on s ome days, very few experts made recommendations and those experts also
had hi gher-than-zero w eightings ( i.e. t hey were r anked as h aving s ome va lue).
Therefore, the "all awake experts" also happened to be the "top experts". Unlike most

of the studies we have discussed thus far, they also ran the same experiments taking
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into a ccount t ransaction ¢ osts. O ncea gain,t he " threshold e xperts" s trategy
outperformed the other strategies and a positive rate of return was only possible when

weighted trading strategies were used.

The a uthors c ited s ome I imitations of t heir ow n a pproach and s ome areas where
further work was needed. In particular, they said it would be ideal if one could ensure
that the sentiment tags did not contain any misleading recommendations. T hey also
said that it is not clear from the recommendations how long one should hold onto a
stock a fter following up ona 'strong buy' or 'buy' recommendation. Finally, they
could not say whether or not posters tend to go along with the consensus viewpoint of
other posters and w hether readers of the postings tend to follow posters who have
proven to be correct in the past. Liu etal also cited some problems with earlier
approaches, such as the approach taken by Das and Chen (2001) and Antweiler and
Frank (2004), w hich assumed that all posters' ¢ ontributions w ere accurate, that all
contributions w ere e qually i mportant, and that all the pos ters c ontributed the same

number of postings per day.

Lavrenko et al (2000) developed e -analyst, a s ystem that used Bayesian 1 anguage
modelling (LM) and piecewise linear r egression to align 38,469 Biz Y ahoo! ne ws
stories r elating to 1 27 s tocks, w ith t rends o ft ime s eries. E xternal r elevance
assignments from Yahoo were used to determine stories relevant to a particular stock.
The s ystem recommended news stories that were likely to have been derived from
oneof f ivet rendt ypes;t het rendt ypes were: a's urge','s light rise','n o
recommendation’, 'plunge’, or 'slight fall'. To evaluate the performance of the system,

they used a number of approaches.

Firstly, they used detection error tradeoff (DET) curves to evaluate the usefulness of
the language models to predict trends. They found that they could achieve 10% recall
(or 90% miss) with a false alarm rate of only 0.5%, which means that even though the
user would only be alerted to 10% of the stories that would probably be followed by a
'surge’, it is unlikely that many of those would be false alarm alerts. A n increase in
recall (e.g. to 40%) would lead to an increase in the false alarm rate (to 15%). Asa

baseline IR approach, they also compared the false alarm probabilities o f their LM
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approach with the false alarm probabilities of the more traditional vector-space (VS)
approach and found that the LM greatly outperformed the VS for three of the four
trend types, particularly at lower levels of recall, when predicting five hours ahead.
Only 'plunges' yielded a similar result for both approaches. W ith the e xception of
these 'plunge' trends, they found that the errors made by the baseline VS approach

were very close to those that would be made by random ranking.

Using a s eparate | anguage m odel for e ach s tock, t he authors e valuated t he pr ofit-
making potential of the system by implementing a basic trading strategy over a forty-
day period: the investor bought when an upward trend was predicted and sold when a
downward trend was predicted. Even though this simulation experiment only yielded
a modest profit of $280,000, the performance was found to be statistically significant

at the 1% level.

They also found t hat s imultaneous a lignment o f t rends a nd ne ws r eleases yielded
much b etter p erformance than when they tried to align trends with doc uments t hat
preceded the trend by one, five, or ten hours. Also, whilst stock-specific LMs yielded
higher pr ofits, t hey found t hat t he p rofit va ried s ignificantly from companyt o
company and companies that were rarely covered in the news were at a disadvantage
due to their small training sets. U niversal LMs, on t he other hand, yielded 1 ower
overall profit but were deemed to be more stable as they trained one set of models for
all stocks. As a result, they concluded that the best results might be achieved using a
combination of stock-specific language models and uni versal 1anguage models (the

latter could be used for smoothing).

Critics of the Lavrenko et al study include van Bunningen (2004) (see Section 3.3),
who said that Lavrenko et al ignored temporal ordering. In other words, when they
tried to predict the influence of a test article, it was very likely that another article that
also caused the same trend was in the training set. B ecause any articles that caused
the same trend probably had the same features, van Bunningen argues that this is not
true prediction although we believe it is still prediction in the general sense. Kroha et
al (2006) also argued that it is not possible to isolate market responses for one news

article and that the same article can cause different reactions depending on investor
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sentiment, current position, and other av ailable n ews”'; for that reason, they used a
collection of ne ws s tories and t hey 1 ooked at1ong-term trends. Mittermayer a nd
Knolmayer (2006b) also criticised the study. T hey disagreed w ith th e a ssumption
that i1t would have been possible to enter the stock market at the time of the ne ws
release and exit whenever a 1% or more profit was generated, because this latter exit
strategy does not take stop loss transactions into account. As discussed earlier in this
section, Mittermayer and K nolmayer (2006a) catered for stop loss transactions by
defining a two-sided e arly exit strategy. They also criticised t he c hoice of stocks
because they argued that in real-world imp lementation, one would have to predict
noisy s tocks, a s w ell a s hi ghly-volatile one s. Nonetheless, w e b elieve t hat an
examination of volatile stocks is a valid research pursuit in itself, as it implies that the
market is frequently reacting to in formation. O ther critiques include the fact t hat
Lavrenko etal omitted transaction c osts and t hey seemed t o ha ve unl imited a nd
unrealistic f unds d uring th e s imulation (Mittermayer a nd K nolmayer 2006a ).
Mittermayer a nd K nolmayer a rgue t hat e ven hi ghly c reditworthy i nvestors w ho
borrow money, typically only invest a single-digit multiple of the originally-available
amount; however, in the Lavrenko et al study, they invested, on a verage, a multiple
greater t han 4 0. Despite th ese limita tions, this s tudy also h as ma ny s trengths—
several evaluation metrics were us ed, including random guessing, comparison w ith
baseline approaches, prediction accuracy, detection error trade-off (DET) curves, and

a trading strategy.

Koppel a nd S htrimberg ( 2004) downloaded s hort ne ws s tories f rom t he M ultex
Significant D evelopments ¢ orpus® with a view to d etermining automatically th e
market reaction to the stories. For their feature set, they initially selected words that
appeared 60 times or more. They then eliminated function words, with the exception
of words such as above, below, up, and down, as they deemed these to be relevant.
As the stories were relatively short—there were on average 100 words in each—they
represented each story as a binary vector. Using their initial selection of features,

they then considered only the 100 features with the highest information gain. W ith

*! In Section 2.4, we also mentioned that market anomalies that have nothing to do with the arrival of
information can impact on prices. Such anomalies are beyond the scope of this research however.

22 Informationa boutt heM ultex ¢ orporac anbe f oundon http://aune.lpl.univ-
aix.fr/projects/multext/MUL4.html
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regards matching stories to stock prices, they used two labelling approaches; the first
involved m atching e ach story with the change in the closing price the day before
publication and the opening price the day after; the second involved matching each
story with the change in the opening price the day after publication and the opening
price the day after that. Stories were labelled as being positive if the stock price rose
10% or more and s tories w ere 1 abelled negative i f the price decreased by 7.8% or
more; t he r eason f or t he di fferent t hresholds w as t o e nsure t here w ere a n e qual
number of pos itive a nd ne gative s tories. U sing t hese t hresholds, t heir da taset
comprised of 425 positive and 426 negative stories. Using a linear SVM, their first
labelling approach, and 10-fold cross validation, they achieved an accuracy of 70.3%.
When t hey t rained on t he 2000 -2002 c orpus a nd t ested on t he 2003 corpus, t he
algorithm yielded an accuracy of 65.9%. B oosting and selection of kernels did not
have much impact on these results. They reported that naive Bayes and decision tree

learners yielded very similar results.

On cl oser inspection o f the features, they identified cer tain features as b eing cl ear
indicators of ne gative d ocuments—these features included shortfall, negative, and
investigation. T hey also reported that do cuments that c ontained those words, were
nearly always negative and that the twenty words with the highest information gain in
the c orpus were all ne gative indicators. T hey found that recall for p ositive s tories
was high (83.3%) but precision was lower (66.0%) and that misclassification tended
to oc cur m ostly 1 n ne gative doc uments w hich did not ha ve a ny of t he ne gative

indicators.

When t hey us ed t he s econd 1 abelling a pproach a nd 10-fold cross va lidation t o
evaluate the potential profitability of the system, they only achieved an accuracy of
just over 52%. W hilst they reported that this result bears out the e fficient markets
hypothesis (see Section 2.2 for a discussion), there are some limitations to their study
that c ould di sprove this, namely the size of the data set, the features chosen (they
suggested that w ord collocation could prove he Ipful as co -occurring w ords ¢ ould
provide richer information), and their labelling approaches (they also stated that the

use of prices immediately after publication of the story might prove helpful).
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Kroha and Baeza-Yates (2004) used collections of online news stories to predict long-
term rather than short-term trends, because they argued that it is not always possible
to ev aluate the impact ofan ewsitemat thetimeofitsrelease. T hey manually
approximated t he t rends a nd di vided a pproximately 400,000 G erman n ews i tems
from O ctober 1999t o September 2003 1 nto f our t rend s ets (up1999, down2000,
down2002, and up2003). Each trend set contained 16 doc uments which spanned 16
weeks and each set contained approximately 30,000 news items. They also collected
the DAX30 index outcomes for the same period. Interestingly, they found that there
were significantly more messages during the two up trends (32,299 and 35,998), than
there were during the two down trends (30,228 and 23,875). T hey also found that
there was a high number of unique words during all four trends. It should be pointed
out at this stage that the system used to identify unique words (called Bow), counted
hyphenated words as multiple words. In particular, they found that there were more
unique words in the two up trends (212,314 and 240,151) than there were in the two
down trends (111,249 and 150,878), which implies that the authors used a rich and

varied vocabulary set, particularly during the up trends.

Their first h ypothesis s tated that positive w ords are m ore probable during positive
(up) trends and negative words are more probable during negative (down) trends. In
the first s et of e xperiments, t hey us ed the Inverse D ocument F requency (IDF) o f
substrings for manually-chosen keywords®. W hilst the IDF proved logical for some
substrings when using a basic word set (e.g. see gewinn in Table 3.4, which appeared
more in up trends than down trends), it was not logical for other substrings (e.g. see
negative in Table 3.4, which appeared more in up trends than down trends). Overall,

they reported that the results were only 50% valid (logical), so they did not prove this

hypothesis.
Substring Up1999 Down2000 Down2002 Up2003 Valid?
Gewinn (profit) 27.96% 24.39% 18.34% 29.79% Yes
Negativ (negative) 4.11% 4.10% 5.22% 7.59% No

Table 3.4: Inverse doc ument f requency of one pos itive a nd one ne gative

substring in the basic word set (Kroha and Baeza-Yates 2004).

It is not clear how they devised the list of keywords.
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In the second set of experiments, they used only the first 1,000 words with the highest
probabilities f or t wo of the trend s ets (up1999 and do wn2000) and s ubsequently
filtered t hem t o find po sitive a nd ne gative s ubstrings. T hey found t hat negative
substrings tended to appear more during down trends than up trends, but they could
not pr ove t he pos itive s ubstrings aspect o fthe hypothesis. T able 3.5 shows t he

inverse document frequencies for one positive and one negative substring with high

probabilities.
Substring Up1999 Down2000 Valid?
Gewinn (profit) 22.69 24.39 No
Fallen (to fall) 6.98 8.08 Yes

Table 3.5: Inverse doc ument f requency of one pos itive a nd one ne gative

substring with high probabilities (Kroha and Baeza-Yates 2004).

To p repare f or N aive Bayes classification, t hey randomly s elected h alfo f't he
documents for training (8 documents each for up1999, down2002, and up2003 and 9
documents for down2002) and used the other half for testing in 25 trials. Using the
basic set of substrings, they achieved an average classification accuracy of 94.44%.
However, when they performed classification using the probabilistic indexing method

(i.e. with the most probable substrings, they achieved an average accuracy of 71.3%.

Kroha and Baeza-Yates then used the messages in all four trend sets for training and
devised a new testing class (now2003) comprising 8 documents with 8§ weeks of news
items. The 8 documents of the class now2003 were classified as up2003, which they
deemed to be an accurate reflection as the up2003 t rend c ontinued into the current
trend (now2003). H owever, w hen t hey us ed t he pr obability i ndexing method for
classification, the 8 doc uments were classified as down2002. T hey then tested with
unseen up/down trends to see if they would be classified like the up/down trends in
the t raining ¢ ollection b ut t hey did not achieve s atisfactory results. T he uns een
upl1999 t rend w as classified a s dow n2000, dow n2000 w as c lassified a s up1999,

down2002 was classified as up2003, and up2003 was classified as down2002. They
suggested that unseen items tended to be assigned the next closest trend in terms of

time period rather than in terms of features.
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In their final set of naive Bayes experiments, they appended the two up trend sets (32
documents) and the t wo dow n trend doc uments (32) to create up and down trend
documents. T hey also used the now 2003 doc ument. U sing 50% o fthe data for
training and the remainder for testing, they achieved an average accuracy of 75.69%
over 8 trials, with a three-way classification. Using the same training and testing set
with the probabilistic indexing method, they reported an average accuracy of 50%. In

this study, evaluation of their results was limited to prediction accuracy.

In a related follow-on paper, Kroha et al (2006) also proposed that statistically, during
growing m arkets, the c ontents of business ne ws items s hould be di fferent than the
contents of bus iness ne ws dur ing f alling ma rkets. T hey assumed t hat if th is
hypothesis was true, there should be more positive words during a growing market
than negative words, and vice-versa. They also assumed that the probabilistic profile
of news during growing/falling markets should be useful for classification purposes.
They collected over 400,000 ne ws items from O ctober 1999 t o N ovember 2005 ( a
longer period than the previous paper) and the DAX30 index outcomes for the same
period. Like inthe p revious pa per, t hey m anually a pproximated t he t rends an d
identified a down trend in 2000 and an uptrend in 2003. They then divided the news
into an up and down trend set and ignored any news items that appeared when there

was no clear trend (see Table 3.6 for details of each trend set).

Trend set No. of Weeks No. of Training News No. of Testing News
Items Items

Up 139 200,406 77,392

Down 132 186,146 34,678

Table 3.6: Breakdown of news items for each trend set (Kroha et al 2006).

Unlike t he pr evious p aper, t heyi ntroduced ada tac leansings tage pr iort o
classification, w hereby they r emoved dupl icate ne ws ite ms, ite ms th at h ad b een
published in English, and non-relevant text such as the names of authors and towns.
Using their own list of positive and negative words, they then counted the number of
positive and negative words and found that positive words were in the majority even

during the down trend, therefore disproving their first assumption.
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With regard to the second assumption, they decided to group all the down trend news
items together and all the up trend news items together, rather than classify each news
item separately, mainly because they said it would be too time-consuming. For each
week, they used 87% of the news for training with naive Bayes and 13% for testing
purposes. Whilst their reporting of results was limited, they did report an accuracy of
about 75% ineachclassanda dropinaccuracyto about 55% be fore t he t rend
changed. T hey proposed that this latter result might be improved if each news item
was |l abelled individually. W hilst they concluded that more research was needed,
they also suggested that they delay between the change in positive/negative news and
the market trend change might be explained by market psychology. They suggested
that d uring a growing t rend, i nvestors a re opt imistic a nd fail t o r eact qui ckly t o
negative n ews wheni ta rises. Likewise, dur inga fallingt rend, i nvestors a re
pessimistic and fail to react quickly to positive news. Such market behaviour would
appear t o co ntradict t he ef ficient m arkets h ypothesis. Like t he pr evious s tudy,
evaluation me trics w ere limite d to p rediction a ccuracy; tr ading s trategies, r andom

guessing, and comparison with baseline approaches were not employed.

Tetlock (2007) examined the influence of the Wall Street Journal's (WSJ) 'Abreast of
the M arket' ¢ olumn, on stock m arket returns. The WSJ column r ecounts m arket
activities from the previous day. Tetlock’s column data s panned a 16 -year p eriod
from 1984 to 1999. The main focus of his research was media pessimism, as he held
the assumption that high media pessimism is correlated with low investor sentiment
and this will result in downward pressure on prices. Using the General Inquirer (GI)
content analysis program, he counted the number of words in 77 GI categories** and
used t he m aximum v ariance i n t hese cat egories t o d evise a s ingle m edia f actor.
Because the factor was strongly related to p essimistic words, he referred toitas a
pessimism factor. H e used the W harton R esearch Data Services (WRDS) to access

nearly 4,000 time series observations of returns for the same time period.

 The General Inquirer program uses categories from the 'Harvard' and "Lasswell' dictionaries to count
the number of words in each category. W ords can belong to more than one category and some words
do not belong to any category. T he Tetlock (2007) study used categories from the 'Harvard-IV-4'
dictionary.
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He pe rformed va rious r egression a nalyses us ing t his pe ssimism f actor a nd t he
'negative' and 'weak' GI categories. His regressions produced many interesting results
but only the most relevant results are outlined here. He found that the pe ssimism
factor had a significant negative impact on t he next day's returns (p-value < 0.001)
but the impact was temporary and fully reversed within a week. He also found that
unusually high or low levels of pessimism led to temporarily high levels of trading
volume. Finally, he found that pessimism had a particularly high impact on price for
small stocks and that the impact tended to be slow to reverse itself. T o evaluate the
performance of t he s ystem, he c¢ onstructed a h ypothetical t rading s trategy us ing
negative words and reported excess returns of 7.3% per annum. However, as this was
a z ero-transaction c ost s trategy, and inflation and s pread costs were al so not taken

into account, it is unclear whether or not it would really be worthwhile.

In a related paper, Tetlock et al (2008) also used the 'negative' GI word category and
regression analyses to quantitatively measure language and predict individual firms'
earnings and returns. T hey proposed that ifthe other two s ources of fundamental
information, n amely an alysts' f orecasts an d accounting v ariables, are b iased o r
incomplete, then linguistic content may have some additional explanatory power for
explaining future earnings and returns. They examined the impact of negative words
inall WSJ and Dow Jones News Service (DINS) stories for S&P 500 firms from
1980 to 2004.

They found that negative words succeeded in conveying negative information about
earnings above and beyond that conveyed by analysts' forecasts and historical data.
For example, th e c oefficient e stimates o f th e a bility o f n egative w ords to pr edict
lower s tandardised une xpected quarterly e arnings (SUE) using the DJNS and W SJ
sources were —4.42 and —5.28 respectively. They also found that t he r eaction to
negative i nformation us ually t akes pl ace w ithin one day and proposed that pr ofits
could be made i1f one used news sources that are updated frequently throughout the
day (e.g. the DJNS); nonetheless, one would have to carefully consider how any such
profits could be diminished by transaction, inflation, and other related costs. E ven
though they identified a clear reaction to negative news, they deemed the market to be

relatively efficient as the reaction was prompt and the returns were relatively small in
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the days that followed release of the news. They found that negative words in stories
which di scuss fundamentals (such as cash flow or return on i nvestment) pr edicted
earnings more effectively than negative words in stories about other issues or events.
In other experiments, they examined the impact of reasonable transaction costs on the
profitability of t heir t rading s trategy a nd f ound t hat i t w as no 1 onger pr ofitable.
However, t hey could n otr ule out that mo re sophisticated tr ading rules mig ht

minimise the impact of transaction costs.

Engelberg ( 2008) examined t he t ransaction c osts a ssociated w ith pr ocessing s oft
qualitative information compared to hard quantitative information. He suggested that
because the processing costs of ¢ omplex qua litative i nformation can be high, itis
possible that some information will not be incorporated into prices immediately and

that they may take some time to do so.

Like Tetlock ( 2007) and Tetlocke ta 1( 2008), Engelberg usedt he H arvard
Psychological Dictionary via the General Inquirer (GI) program to count the number
of ne gative words, thereby measuring the soft qualitative content. H owever, unlike
the previously-mentioned authors, Engelberg focused s pecifically on D JNS articles
about earnings announcements, as they tend to contain both hard and soft information
and are repeated over time. S ee Table 3.7 for an overview of the characteristics of
hard and soft content of earnings news, as defined by Engelberg. Using five different
sources fort heha rda nds ofti nformation, he c ollected 51,20 7 e arnings
announcements b etween January 1999 and November 2005 r elating to 4,700 firms.
One limitation of his study, as identified by Engelberg, was a bias against small firms,
as larger firms tend to feature more in DINS articles. Like Tetlock et al, he measured
the ha rd qua ntitative ¢ ontent of t he e arnings ‘surprise’ usingt he s tandardised
unexpected earnings (SUE), which he defined as the difference between the median
of't he an alysts’ f orecasts a nd t he f irm’s act ual ear nings p er s hare, s caled b y a

normalisation factor.
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Hard earnings news Soft earnings news
Based on: Accounting data (earnings) Text of media articles written
about earnings
Qualitative or Quantitative Qualitative
quantitative?
Easily comparable Yes No
across firms?
Independent of Yes No (not everyone may interpret it
collector? the same)
Easy to store? Yes No
Easily passed on without | Yes No
loss of information?

Table 3.7: D efinition of hard and s oft c ontent of earnings news (Engelberg

2008).

Engelberg downloaded the he adline a nd | ead pa ragraph of e ach a rticle, ont he
assumption that the DJNS journalists summarise the content in the headline and lead
sentence. Using the GI program, he then calculated the fraction of negative words as
follows:

Negative Fraction;; = total number of negative words for firm i on day t

total number of words for firm i on day t

Using this somewhat crude measure, he found that almost half (47.5%) of the articles
had no negative words in the headline or lead paragraph, implying that the remainder

(52.5%) did have negative words.

Before examining t he r elative pr edictability of s oft ve rsus h ard i nformation, he

investigated the predictable capabilities of soft information beyond those of the SUE.
He sorted the articles into SUE quintiles (fifths) using the previous period’s calendar
quartert od etermine the S UE cu t-offs. Hef oundt hatt he p ost-earnings
announcement drift (PEAD) increased across the SUE quintiles. The lowest quintile
experienced an average 80-day cumulative abnormal return (CAR) of -0.60% and the
highest ex perienced an average 8 0-day C AR of 1.99%. H e found the difference of
2.59% to be statistically significant using both a parametric and a non-parametric test.
He then sorted each quintile into one of three 'bins' based on their negative fraction,
as calculated above. T he first bin comprised articles with a n egative fraction of 0%
(no ne gative w ords), t he s econd ¢ omprised articles w ith ne gative fractions g reater
than 0 a nd less than 5%, and the third c omprised t he r emaining a rticles ( negative
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fraction >5%). Like Tetlock et al (2008) he found that the qualitative information had
additional predictable capabilities beyond those of the SUE and that this information
was not immediately incorporated into prices. F or example, within SUE quintile 5,
the average 80-day CAR was 3.90% for firms with a negative fraction=0% and 0.28%
for firms with a ne gative fraction >5%. Engelberg suggested that ne gative w ord
articles for firms in low SUE bins might simply be reiterating the hard quantitative
information a nd t herefore t he ne gative w ords might not ¢ ontain hi gh pr edictive
capabilities. On the other hand, he suggested that articles for firms in high SUE bins
which ¢ ontained ne gative w ords m ight ¢ ontain a dditional i nformation that had
predictive uses. W hen he performed regression analyses using five different trading
strategies, three of w hich incorporated s oft e arnings i nformation, he found that all

five generated statistically and economically significant profits at some stage.

As m entioned pr eviously, Engelberg used n egative fractiona s a pr oxy for s oft
information and S UE as a proxy for hard i nformation. H e a ssumed t hat i f's oft
information i s m ore c ostly t o pr ocess, i t s hould di ffuse m ore s lowly into prices
relative t o ha rd i nformation. A dditional r egression a nalyses f ound t hat ne gative
fraction w asth e o nly s tatistically s ignificant p redictor o fth en exte arnings
announcement return and it continued to be a predictor for the next two, three, and
four quarters. H e interpreted this finding as evidence that negative fraction is more
costly to process than SUE and CAR[-1,1] which is why it diffuses more slowly into

prices.

In a nother e xperiment, he us ed t he S tanford parser t o perform t yped d ependency
parsing”, to determine what kinds of soft information predict returns. He devised six
categories of earnings news: 'positive fundamentals', 'negative fundamentals', 'future
outlook', 'e nvironment', ' operations', a nd ' other'. ' Positive f undamentals' i ncluded
earnings, sales, and revenue; 'megative fundamentals' included costs, expenses, and
charges. Words associated with 'future outlook' included outlook, plans, and forecast

and w ords associated with' environment'i ncluded conditions, customers, a nd

* Typed d ependencies ar e a Iso k nown as g rammatical r elations. T he S tanford pa rser, whichis
available f or do wnload on  http:/nlp.stanford.edu/software/lex-parser.shtml, can as sign4 8
grammatical relations to text.
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economy. 'Operations' related to words such as business, production, and services
and 'other' covered a ll words not in any of the ot her five c ategories. H et hen
calculated the fraction of typed dependency pairs between negative words and each of
these six categories. When he replaced negative fraction with the six new variables,
and pe rformed r egression a nalyses t o pr edict f uture r eturns, he foundt hatt he
coefficient on each of the six variables was negative, with the exception of negative
fundamentals. Engelberg suggested that this result made s ense, as ne gative w ords
used w ith ne gative fundamentals c an have a positive meaning (e.g. 'low costs') or
negative meaning (e.g. 'disappointing costs'). O f the other five categories, he found
that c ostly s oft information about 'positive fundamentals', 'future p erformance', and
'other' w ere th e o nly categories th at h ad s tatistically and economically s ignificant
negative coefficients an d t herefore t hese cat egories a re t he m ost i mportant f or
predicting future returns. H e also suggested that the 'other' c ategory ne eded to be

explored further as it was a significant category.

For robustness, Engelberg split his sample into two periods and re-ran his regressions,
to t ake 1 nto a ccount t wo ke y e vents w hich could ha ve 1 mpacted hi s r esults—the
bursting of t he Internet B ubble i n M arch 2000 a nd t he i mplementation of t he
Regulation F air D isclosure i n O ctober 2000.  He f ound s ome s upport f or t he
hypothesis that s oft information was a better p redictor be fore the bub ble burst and
hard 1 nformation w as be tter a fterwards but he still r eported t hat s oft i nformation
diffused more slowly into prices during each period. Some strengths of this study
include hi s us e of s tatistical t echniques a nd t he a ddition of a dditional va riables
(events) t o m easure robustness and his adoption of a trading s trategy to e valuate
profitability. However, t hey di d not t ake t ransaction or ot her r elated c osts i nto

account.

Henry (2008) examined the market impact oftone and other style aspects in 1,366
earnings press releases relating to 562 firms. The other style aspects examined were
length, numerical intensity, and verbal complexity. The firms were all related to the
telecommunications, ¢ omputer s ervices, o rr elated eq uipment m anufacturing

industries.
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She used the collocation feature of Wordsmith Tools to decipher whether directional
words such as increased and greatest were inherently positive or negative, depending
on t he ¢ ontext of t heir oc currences i nt he pr ess r eleases. S he d efined pos itive
(negative) w ords as t hose w hich ap peared n ear d esirable ( undesirable) f inancial
items. E xamples o f d esirable financial ite ms included dividends and cash flows;
undesirable items included losses and expenses. S he used the Diction s oftware to
calculate the frequency of positive and negative words in the press releases, thereby
measuring the tone, and then us ed regressions to c orrelate p ositive ( negative) tone
with abnormal positive (negative) returns. The mean value of tone was 0.568, which
suggests a bias t owards pos itive tone in the press releases®®. S he also found that
abnormal r eturns t ended t o be hi gher w hen the t one w as pos itive (the correlation
between abnormal returns and tone was 0.098). However, with regard to the other
variables, she found that lengthier press releases, and to a lesser extent, releases with
high 1 evels of num erical i ntensity, t ended t o di minish t he pos itive imp acto f
unexpected e arnings on returns. S he did not find any c orrelation be tween ve rbal

complexity and impact on returns.

Henry cited some weaknesses of her own study which included an inability to capture
the subtleties and complexities that may be hidden in individual firms' press releases.
She al so suggested that m easures such as the Flesch and F og indices, the latter o f
which was subsequently critiqued by Loughran and McDonald (2011a) (see Section
2.3), could ha ve be en u sed i nstead t o m easure verbal c omplexity. In addition, a

broader s election o f in dustries mig ht have yielded d ifferent r esults; we attempt to

cater for thisinour own research study by not being industry-specific. Another
limitation o f'th is s tudy is t hats he u sed limite d e valuation me trics ( prediction

accuracy).

Loughran and M cDonald (2011b) devised a list of 2,337 financial ne gative w ords
(Fin-Neg) with a view to comparing the performance of the list with the Harvard-I1V-
4 TagNeg (H4N) ne gative word list. T hey argued that the H4N list contains many

words that are not negative in a financial sense e.g. tax, cost, liability, and crude (oil).

A value of -1.0 would indicate a completely negative tone; +1.0 would indicate a completely positive
tone.
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They also proposed five additional words lists (positive, uncertainty, litigious, strong
modal, and weak modal) which could be used in future research. T hey decided to
create these ex haustive lists?’ rather than “let the data determine the most impactful
words” (p.44) as these exhaustive lists would make it more difficult for managers to

select specific words to avoid.

To create the words lists, they generated a dictionary of words and word counts from
all the 10-Ks. T hey then manually ex amined all the words that occurred in at least
5% of the documents and considered their likely usage in financial documents. They
only c onsidered s imple ne gation for t he Fin-Pos ( positive) words asthey didnot
expect to see simple negation for negative words; an example of the latter would be
“not t errible e arnings”, w hich i s u nlikely t o appearina do cument ( ibid, p. 44).
However, one flaw of this approach is that avoiding s imple ne gation for ne gative

words will not catch instances such as “losses lower than expected”.

In addition to using simple proportion of words (based on word count), they used the
TF*IDF term weighting scheme with the vector space model (aka bag-of-words), to
ensure t hat common w ords w ould be w eighted I ess. W hilst t hey f ound t hat t he
weighting scheme minimised noise, they found that both the H4N and FinNeg lists

produced similar results.

Even though t here w ere m ore n egative w ords in the M anagement D iscussion a nd
Analysis (MD&A) section of the 10-K, than in the full 10-K, there were less Fin-Neg
words t han H 4N-Infw ords. T hey a Iso f ound t hat t here w ere “ considerable”
misclassifications of negative words in 10-Ks when using the H4N list (p.47). For
example, c ommonly-used bus iness w ords s uch a s tax, costs, loss, capital, cost,
expense, and expenses, which are deemed ne gative in the H4N, accounted for more
than 25% of the negative words—yet, these are not necessarily negative words in a
financial context. They argued that some of the Harvard negative words may in fact
be actingas aproxy for ot her i ndustry effects, a nd t herefore pr oposed t hat t heir
customised Fin-Neg wordlist was a better indicator of negative news. O verall, they

found that the M D&A section does not appear to have a greater impact on e xcess

*7 See http://www.nd.edu/~mcdonald/Word_Lists.html for each of the word lists.
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returns than the entire 10-K, although they did point out that it was a smaller sample

size.

Using regressions with and without multiple control variables (e.g. firm size, book-to-
market, s hare t urnover, a nd i nstitutional ow nership) Loughran a nd M cDonald
examined the impact of their Fin-Neg list on excess returns. They also controlled for
cross-sectional effects on the data. They defined excess return as “the firm’s common
stock buy-and-hold stock return minus the CRSP value-weighted market index buy-
and-hold return” (p.51). They used a four-day window from days 0 t hrough day 3,
where day 0 is the 10-K filing date.

When they broke firms into quintiles based on pr oportion of Fin-Neg w ords, they
found a strong pattern between the number of negative words and decreased returns.
When they tried to link negative word lists with filing period returns, they found that
firms in quintiles where there was a lower percentage of negative words had slightly
negative returns in the four-day window but firms in quintiles with a high percentage
of ne gative w ords ha d gr eater negative r eturns. E ven w hen t hey pe rformed
regression a nalyses ¢ ontrolling f or ot her va riables, t hey f ound t hat “ only a s mall
amount of t he va riation i n filing pe riod r eturns i s e xplained b y t he i ndependent

variables” (p.53).

When they calculated t he por tfolio r eturns ge nerated by taking a 1 ong pos ition on
stocks with a 1 ow ne gative word count and a short position on those with a hi gh
negative word count, they found that negative tone was not related to future returns if

one was considering a trading strategy.

They a Iso ¢ onsidered t wo s ub-samples of 10 -Ks: (1 ) 1 0-Ks filed b y co mpanies
accused of accounting fraud and therefore subject to shareholder litigation and (2) 10-
Ks filed by firms disclosing at least one material weakness in internal control. Whilst
they did not know whether to expect more or less negative words in such disclosures
(companies sometimes d isguise n egative p roblems), th ey found th at firms w ith a
higher proportion of negative financial words or strong modal words were more likely

to report material weaknesses. When they introduced term weighting, they found that
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firms th at u sed s tronger 1 anguage ( more pos itive, m ore ne gative, or m ore m odal
strong words) were more likely to disclose material weaknesses. Both these findings
suggest that word lists are helpful features in the analysis of 10-Ks. Some strengths
of t his s tudy i nclude t heir u se o f various evaluation me trics ( simple w ord ¢ ount,
prediction ac curacy, and adoption of a trading s trategy), and their us e o f multiple

control variables.

In this section, we examined a number of studies that used single words as features, to
analyse and classify financial documents. Looking at Table 3.8, we can see that none
of t he s tudies re-used word 1 ists f rom ot her s tudies, a Ithough s ome s tudies us ed
similar methods to devise their word lists. For example, Antweiler and Frank (2004),
Gidofalvi (2001), and K oppel and S htrimberg (2004) used the top 1,000 w ords as
ranked by information gain (although they used different data sources). In addition,
Tetlock (2007), T etlock et al (2008), and E ngelberg ( 2008) all us ed t he ne gative
General Inquiror (GI) category in their studies. T he range of features used suggests
that r esearchers b elieve that the features need to be customised to the data s ource

being examined (e.g. press releases, forum postings, and disclosures).

Das and Chen (2001) Usedah and-selected 1 exicono ff inancial w ords
statistically p rocessedto d etermines trongest

discriminators.

Swales and Yoon (1992) Performed content a nalysis of s imilar w ords a nd

phrases alluding to themes.

Schumakar and Chen Used three representations to represent documents (bag-
(2006) of-words, noun phrases, and named entities).

Mittermayer and Used a h and-made thesaurus of words and phrases that
Knolmayer (2006a) had a n i mpact on pr ices ( single w ords, phr ases, a nd

tuples of words and phrases).

Used the thesaurus with a bag-of-words model.

Fung et al (2005) Usedt hev ectors pacem odelt or epresent each
document.

Antweiler and Frank Used the top 1,000 w ords, as ranked b y i nformation

(2004) gain.
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Antweiler and Frank

(2006)

Identified news topics.

Used the top 1,000 w ords, as ranked b y i nformation

gain.
Gidofalvi (2001) Used the top 1,000 w ords, as ranked b y i nformation
gain.
Liu et al (2006) Used sentiment tags posted by experts.
Lavrenko et al (2000) Used language models (stock-specific and universal).
Koppel and Shtrimberg Used w ords appearing 6 0+ times ( excl. m ost function
(2004) words).

Then ¢ onsidered t op 1,000 f eatures, asr anked b y

information gain.

Kroha aand Baeza-Yates

(2004)

Used IDF of substrings for manually-chosen keywords.
Also ex perimented with the top 1000 w ords w ith the
highest probabilities.

Kroha et al (2006)

Used own list of positive and negative words.

Tetlock (2007)

Counted t he num ber of words in 77 G eneral Inquiror
(GI) categories. The GI program uses categories from
the H arvard a nd Lasswell di ctionariest o ¢ ountt he
number of words in each category.

Focused on the negative and weak GI categories.

Tetlock et al (2008)

Used the negative GI word category.

Engelberg (2008)

Used the negative GI word category and cal culated the
fraction of negative words.
Also de vised categories of earnings news, comprising

words.

Henry (2008)

Used t he ¢ ollocation f eature of W ordsmith T ools t o
examine if directional words were inherently positive or
negative.

Defined pos itive ( negative) w ords a s those w hich
appeared near desirable (undesirable) financial items.
Used the Diction software to calculate the frequency of

positive and negative words.

Loughran and McDonald

Generated a di ctionary of a ll w ords with t heir w ord
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(2011b) counts.

Then ex amined all the words that oc curred in at 1east
5% of t he doc uments a nd ¢ onsidered t heir | ikely
financial usage. Used these to devise a list of financial
negative w ords.  Also de vised 1 ists f or p ositive,
uncertain, litigious, strong modal, and weak modal.
Also used TF*IDF to ensure that common words would

be weighted less.

Table 3.8: Methods used to generate word lists (various studies).

3.4 Keyword Records and Phrases

Peramunetilleke a nd Wong ( 2002) analysedt he co ntento fo nliner eal-time
macroeconomic ne ws. H owever, i nstead of pr edicting t he future pe rformance o f
companies (our r esearch g oal), t hey pr edicted hour ly/intra-day f oreign e xchange
rates, using a rule generation algorithm. The results were then compared with those
from regression analysis of time series data and with those from a neural network. As
input, they used news headlines and over 400 k eyword records chosen by a domain
expert. U nlike ot her s tudies t hat us ed s ingle keywords ( see S ection 3.2), t heir
keyword records c onsisted of sequences of words—word pairs, triples, quadruples,
and quintuples. T he complete listing of keywords was not published in the paper;
only some s ample k eyword records w ere provided, such as US inflation weak and

pound lower.

Even though they experimented with different time periods (one, two, or three hours),
with different weighting methods (the Boolean method, the TF*IDF method, and the
TF+CDF method), and with different currencies (DM/USD and JPY/USD), they used
the same headlines and keyword records in each experiment. The TF*CDF method is
an al ternative m ethod f or cal culating t he w eight o fa k eyword r ecord. T he term
frequency (TF) is multiplied by the category discrimination frequency (CDF), instead
of the inverse document frequency (IDF). The CDF of keyword A is equal to the sum

of its category frequencies ('up', 'down', and 'steady’) divided by the number of time
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windows containing at least one instance of A. The weight is then normalised.

Weighted ke ywords and t he ¢ losing va lues of the e xchange rate (the 1ast 60 t ime
periods for which the outcome was known) were used to generate the classification
rules; the accuracy of these rules was tested in previous experiments using w eights
that were manually assigned by foreign exchange dealers. In the manual assignment,
dealers assigned weights to twelve economic factors, including the employment rate,
inflation, and political news. W hilst the authors reported that the dealers found the
rules to b e “successful” (ibid, p. 136), unfortunately they di d not pr ovide s pecific
results in this paper. T hey used three classifications—'up', 'down', and 'steady'—to
refer to the direction of the foreign exchange rate. T he size of the dataset was not

stated.

The b est au tomatic cl assification r esult ( 51%) w as ach ieved u sing t he T F*CDF
weighting method and the rule generation algorithm for a one hour time period for
DM/USD. T his result was first evaluated by comparing it to the best result from a
statistical time s eries a nalysis ( 37%), u sing t he s ame te st and tr aining p eriod.
Unfortunately, f oreign exchange t raders w ere unw illingt o m easure t heir ow n
prediction abilities but they agreed that it would be difficult to achieve 50% accuracy.
In a nother e valuation, us ing t he ne ural ne twork, t he a verage a ccuracy was 37.5%
using the last 2 t o 10 o utcomes (the outcomes were 'up', 'down', and 'steady'); this
never reached 50%. They also found that DM/USD had a higher prediction accuracy
than JPY/USD for each weighting method and for each time period.

When t hey compared t heir be st result ( 51%)t or andom guessing ( 33%), t he
probability t hat t he pr ediction a ccuracy w ould e qual or e xceed 51% when us ing
random guessing and the TD*CDF weighting method was found to be less than 0.4%,
in 60 trials. T hey also found that the probability of achieving the average accuracy
(48.6%) for DM/USD for all three time periods w hen using random guessing and
TF*CDF was less than 0.001%. F inally, the probability o f a chieving t he a verage
accuracy (44.3%) forJ PY/USD fora Il t hree time pe riods w hen us ing random
guessing and T F*CDF was alsolessthan 0.001% . T herefore, t heir s ystem w as

deemed to be better than chance.
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For D M andt he be st performing w eighting method ( TF*IDF), t he authors a Iso
provided the breakdown of percent totally wrong, percent slightly wrong, and percent
accurate. Itis important to note here thata 'steady' classification that should have
been an 'up' or 'down' classification, was only considered 'slightly wrong'; the authors
state this is a flaw in their study. T he prediction accuracy of ‘ups’ and ‘downs’ for

two hours for DM/USD showed the greatest inaccuracy:

e Their system predicted that 35% would go up but 30% were in fact up.
e Their system predicted that 22.6% would go down but 38.3% were in fact down.

Itis not clear in the paper whether these 'up' and 'down' judgements were accurate
judgements or not; it is only clear that the system almost judged the correct quantity
of judgements as up or down. Kroha and Baeza-Yates (2004) disagreed with their
method of classifying news so soon after its release, partly because different experts
will react di fferently de pending on t he context of the news and also d epending on
overall market sentiment. The Peramunetilleke and Wong (2002) study differs from
ours in many ways, in terms of the prediction goal (exchange rate fluctuations vs.
future p erformance of companies) and the t ypes of data used (news he adlines vs.
corporate 8-K disclosures). N onetheless, their study is somewhat relevant to ours as
they also used keywords for classification. Whilst they did compare their results to
random guessing, they did not compare it to baseline approaches or evaluate it using a

trading strategy (Mittermayer and Knolmayer 2006b).

Wiithrich et al (1998) developed a p rediction s ystem for five m arket i ndices—the
Dow Jones Industrial Average (DOW), the Nikkei 225 (NKY), the Financial Times 100
(FTSE), the Hang Seng (HsI), and the Singapore Straits (STI). T heir system counted
then umbero fo ccurrenceso f certains equenceso fk eywords describing
macroeconomic and microeconomic events in daily online Wall Street Journal news
articles. 'Up', 'down', or 'steady' predictions were made available real-time before the
first (Asian) markets commenced trading. T hey categorised an 'up' prediction as an
increase of at 1east 0.5%, a 'down' prediction as a d ecrease of at least 0.5%, and a
'steady’ prediction as a change of less than 0.5%. The system used an 'up', 'down', or

'steady’ prediction with the latest closing value to predict the expected closing value.
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They used over 400 keyword records chosen by a domain expert; unfortunately, only
a sample of keywords was provided in the paper. Like Peramunetilleke and W ong
(2002), their keyword records consisted of sequences of words (word pairs, triples,
quadruples, and s o on); s ingle w ords w ere not used. S temming a lgorithms w ere
applied to ensure that di fferent forms o f the same ke yword record could be found
(e.g. the word pair stock drop would also m atch the s entence "stocks have really

dropped").

The a uthors e xperimented w ith a r ule-based a lgorithm, th e k -NN a lgorithm,
regression an alysis, an d an eural network. Itisnot clear, how ever, w hether t he
following p rediction r esults r elate to th e e xpected a ctual closing valueorto the
change in direction as the paper implies that there were different prediction goals for

the different algorithms.

Using the rule-based algorithm, t he be st pr ediction r esults w ere a chieved w ith the
DOW, which was accurate 45% of the time and the FTSE, which was accurate 46.7% of
the time. T hese t wo indices w ere 'slightly wrong' 46.7% and 36.7% o fthe time
respectively an d 'totally w rong' 8.3% and 16.6 % r espectively. The pr evious 100

stock trading days were used as training data to predict the following day's prices and
60 trading da ys w ere us ed for t esting pur poses. U sing t he k -NN a Igorithm, th ey
achieved the b est prediction results with k=9 and the Euclidean similarity measure
(FTSE 42%, NKY 47%, DOW 40%, HSI 53%, and STI 40%). Whilst they stated that the
test period was shorter, they did not state how short. Each of these results compares
favourably with t he r esults t hat w ould be a chieved w ith r andom guessing ( 33%).
Using regression analysis on a 20-day moving a verage, they did not achieve 40 %
accuracy for any index. Using a neural network and the actual direction for the last n
days (with n between 4 and 10), the average prediction accuracy was as follows: HSI
43.9%, FTSE 35.4%, DOW 36.8%, NKY 34.1% and STI 32.5%. Note how only the HSI
achieved higher than 40%. In this experiment, 60 days were used for training and 40

days for testing purposes.

When they evaluated the performance of their trading strategy, the authors reported

that t hey would ha ve generated 7.5% p rofitonthe DOW over t hree months, a s
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opposed to the actual appreciation of 5.1%. T he results for other indices were as
follows: the FTSE yielded 5.5% (vs. 11% actual appreciation), NKY yielded 5% (vs.
4.3% actual appreciation), HSI yielded 3.5% (vs. —4.6% actual depreciation), and STI
yielded 4.5 % (vs. —8.8% actual de preciation). Like the simulations carried out by
Lavrenko et al (2000) (see Section 3.3), these profits assumed zero transaction costs
and that the investors would have been in a position to invest the same amount of
money each day; in reality, t he s ituation w ould be di fferent. They also di d not
consider inflation or costs associated with the spread. In a critique of the study, Fung
et al (2005) proposed that such a system should be able to predict intra-day prices as
well as closing/opening prices. On the issue of closing/opening prices, Mittermayer
and Knolmayer (2006b) said that the Wiithrich et al (1998) study assumed that the
predicted closing price for one day would automatically be the same as the opening
price for the following day. However, because the latter system is better at prediction
than random traders, it will buy and sell differently to random traders and therefore

the predicted value cannot reflect reality.

Thomas and Sycara (2000) experimented with four methods: (1) maximum entropy
text c lassification ( METC) us ing t ext f rom onl ine s tock di scussion boa rds; (2) a
genetic a lgorithm ( GA) u sing r ules based onl y on num erical da ta; (3) m aximum
entropy text c lassification and a genetic algorithm; and (4) ma ximum entropy te xt
classification and multiple runs of a genetic algorithm. Whilst each of these methods
were used f or f ollowing-day ¢ losing pr ice prediction, t he authors were m ore
interested in the profitability of the prediction, and so they only reported the excess

returns that could have been generated, not the accuracy of the predictions.

They used 52 days for training and 252 days for testing purposes and they aggregated
daily posts for 22 stocks to predict the best trading strategy. Unfortunately, they did
not state how many posts were used in the experiments. Like Das and Chen (2001)
and Antweiler and Frank (2004) (see Section 3.2), the Thomas and Sycara approach
assumed th at a ll p osters' contributions w ere a ccurate, th at a 1l ¢ ontributions w ere
equally important, and that all the posters contributed the same number of postings
perday. Inreality, this would be hi ghly unlikely. T he num erical data used for

method (2) comprised of trading volume, number of messages posted per day, and the
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total number of words posted per day.

It is important to note at this stage that a probability of 0.5 was used for method (1); if
the probability was greater than 0.5, it was considered an 'up' prediction and they
recommended a 'buy-hold' s trategy; o therwise, t hey r ecommended a 'sell' s trategy.
For method (2), they examined the percentage of the popul ation that issued a 'buy-
hold' signal.

Methods (1) and (2) yielded negative excess returns for all 22 stocks. However, when
they only used the 12 stocks which had more than 10,000 posts during the year, small
positive excess returns were achieved—6.91% for method (1) and 5.95% for method
(2). H owever, w hent hey used m ethod ( 3) by integratingt he M ETCand G A
predictors, they reported excess returns of 2.9% for all 22 stocks and 19.3% for the 12
stocks which had more than 10,000 posts during the year.

When the authors used method (4) and averaged the prediction of multiple genetic
algorithm runs and c ombined them with the M ETC, they achieved positive e xcess
returns in excess of 30% for the same 12 stocks. Note how this return is significantly

higher than the 19.3% achieved for method (3).

Unfortunately, they did not report on the accuracy of any of the predictions and they
did not state whether or not 30% is indeed a satisfactory return. They only reported
that method (3) yielded statistically significant results for the 12 stocks that had more
than 10,000 pos ts during the year. A Iso, as pointed out in Schumaker and C hen
(2006) (see Section 3.2), online postings are susceptible to bias and noise, so they are

not the most reliable source of facts.

Several other authors have evaluated online news articles in an attempt to predict the
future performance of companies. Cho etal (1999) used ke yword record c ounting
and novel w eighting techniques for processing macroeconomic text in online ne ws
stories, before predicting the impact of the new stories on the daily movements of the
Hang S eng Index (HSI). D omain e xperts de vised 392 ke yword r ecords—examples

include dollar strong, not interest_worry, dollar weak against mark, and interest rate
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cut—and each keyword record was allocated a weight for each class (‘up', 'down', or
'steady') and each day. A change of 0.5% or more between today's closing value and
yesterday's closing value of the HSI was classified as an 'up' or 'down'; changes less

than 0.5% were classified as 'steady'.

The authors us ed forward s ource s election to s elect the m ost pr edictive i ndividual
sources and the most predictive combinations of sources from five web sites. T he
five w ebs itesw eret he W all S treet J ournal, th ¢ F inancial T imes, C NN, th ¢
International Herald Tribune, and Bloomberg. They experimented with four different
weighting s chemes an d examined t he maximum a ccuracy, t he s moothness of t he
curve, and the source choices. P robabilistic rules were generated using the weights,
and the rules were fed into a rule-based forecast engine, along with the closing values
for the previous training days. 100 t raining days and 79 test days were used in the
experiments. The four schemes were simple weighting (SW), vector weighting with
classr elevance ( VWClassRel), v ector w eightingw ithcl assr elevance an d
discrimination ( VWClassRelDisc), and v ector w eighting w ith c luster relevance and

discrimination (VWClusterRelDisc).

In the first s et of experiments, w here t hey di d not us e ¢ ross-validation a nd t hey

combined between one and seven sources, the results were as follows (see Table 3.9):

Weighting Schemes | Highest Accuracy Comments

SW 0.52 (="global max") | Usingt hree s ources; ¢ hoppy cu rve, p artly i ncreasing,

mostly decreasing.

VWoClassRel: 0.475 (approx.) Usingt wos ourcesb utt heset wo wered eemed

supplemented; fairly smooth curve, mostly decreasing.

insufficient o nth eiro wni. e. th ey wouldneedto be

VWoClassRelDisc: 0.475 (approx.) Usings ix sources; f airlys moothc urve, mostly
increasing.
VWClusterRelDisc: | 0.51 Using s ixs ources whichw ered eemed" intuitively

reasonable"; smooth curve, mostly increasing.

Table 3 .9: R esults o n test d ata without ¢ ross-validation a nd combining

between one and seven sources (Cho et al 1999).

In t he s econd s et of e xperiments, w here t hey used five-fold ¢ ross-validation a nd

combined one to seven sources, the results were as follows (see Table 3.10):
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Weighting Schemes Highest Accuracy Comments
SW 0.472 Choppy curve, partly increasing, partly decreasing.
VW(ClassRel: 0.43 (approx) Choppy curve, partly increasing, partly decreasing.
VWoClassRelDisc: 0.428 (approx) Choppy curve, partly increasing, partly decreasing.
0.468 (close to
VWClusterRelDisc: global max of SW = | Smooth curve, mostly increasing.
0.472)

Table 3.10: Results on test data using five-fold cross validation and combining

between one and seven sources (Cho et al 1999).

The authors found the VWClusterRelDisc scheme to be the best weighting scheme
overall, even though it was also the most computationally demanding. Whilst the SW
scheme achieved a s lightly h igher m ean p rediction a ccuracy (0.52 w ithout c ross-
validationa nd 0.472 w ithc ross-validationvs .0.51a nd0.468) ,t he
VWClusterRelDisc s cheme ha d a s moother a nd m ostly 1 ncreasing ¢ urve. T he
probability that random guessing could achieve a high prediction accuracy of 0.468
was 0 a nd the probability that random guessing could achieve the worst prediction

accuracy (0.402) was 0.0018.

When they examined the sources selected by V WClusterRelDisc when they did not
employ cross-validation, they claimed that they were most similar to those that would
be t ypically s elected b y a hum an e xpert. H owever, t hey onl y pr ovided a br ief
discussion of the sources selected and they did not discuss the usefulness or reliability
of the sources selected when they employed cross-validation. Some strengths of this
study i nclude t heir us e of m ultiple e valuation m etrics ( random guessing and
prediction accu racy) an d t heir u se o f cr oss-validation a nd s tatistical techniques to

ensure robustness.

Thomas (2003) manually created an ontology comprising 11 broad categories and 69
nested s ub-categories, with each sub-category referring to at ype ofnews headline.
Examples of sub-categories included 'merger’, 'shareholder meeting', 'SEC filing 8-K',
'lawsuit', and 'stock split. H e then built c lassifiers by hand for 39 of the 69 s ub-
categories w ith ea ch cl assifier co mprising as eto fp hrase d etectors o rr egular

expressions de scribing that category. T he goal of this section of the study was to
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classify news headlines into pre-defined categories. T homas assumed that headlines
could only belong to one category and that headlines contain sufficient information

for classification; we do not agree that these assumptions will always hold true.

The dataset comprised one year of news headlines from Yahoo! Finance for all stocks
int he R ussell 3000.  Yahoo! Finance contains he adlines from num erous ot her
sources, including EDGAR, Reuters, and Business Wire. He classified two weeks of
headlines in March 2001 by hand; the first week was used to design rough classifiers
and the second week was used to evaluate the precision and recall of the classifiers.
The month of April was used to improve the classifiers, by examining false positives
and false ne gatives. T he month of May was used as holdout data, to e valuate the
precision of the 39 classifiers. D ue to the size of the dataset, and the time it would
take to classify all the headlines for a full month by hand, he did not evaluate the
recall for the month of May. The author found that precision was over 90% for 33 of
the 39 s ub-categories for the second hand-classified week and for 31 sub-categories
for the full extra month. Recall was lower and much more inconsistent, particularly
for cat egories w hich h ad few ex amples. F or e xample, r ecall w as und er 30% for
several categories w hich had less than 25 examples, and one category only had a

recall of 6.3%.

He then used the classified news headlines in conjunction with a trading rule learner
to signify stocks that should be avoided. He found that these results were better than
when a simple 'buy-and-hold' strategy was used with a holdout dataset. As technical
analysis is beyond the scope of our study, we will not discuss the development and
performance of Thomas' trading rules in any detail here. Even though he found that
the t otal a mount of ne ws pe rformed be tter w ith t he t rading r ule 1 earner t han
individual c ategories of ne ws, he pr oposed t hat w ith a 1arger d ataset, i ndividual
categories m ight pr ove more us eful t han t he t otal ne ws. H e a Iso pr oposed t hat
individual c ategories c ould pr ove us eful for e vent s tudies ( see Section2.4f ora
discussion). His preliminary results showed that some categories of news events with
low r elative o ccurrence ( e.g. 'debt r epayment' an d ' price i ncreases') resulted i n
positive returns (2.09% and 3.61% respectively) and other categories (e.g. 'earnings

restatement' a nd 'options') r esultedi nne gativer eturns ( -2.29% a nd —-6.24%
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respectively). Unfortunately, to avoid duplicated events, he excluded any events that
occurred within ten days of another event, so it is possible that some important events
were ignored. Also, his classifiers were incomplete, as he only developed classifiers

for 39 of the 69 sub-categories.

Thomas admitted t hat b ecause t he ¢ umulative r eturns w ere de rived f rom c losing
prices, any reactions t o n ews t hat happened b efore t he close of bus iness, w ere
included in the previous day's returns. Therefore, there could well be temporal issues
in the data. Particular strengths of this study include his use of multiple evaluation
metrics (classification accuracy, precision and recall, and a trading strategy) and also

his consideration of transaction costs, liquidity, and spread issues.

Seo et al (2004) evaluated quantitative financial news articles from various sources
including the CNN Financial N etwork, F orbes, Reuters, M otley F ool, and Business
Wire but instead of trying to predict the future performance of companies, their goal
was to s ummarise tr ends a bout th e cu rrent f inancial p erformance o fa company.
Unlike many of the previous authors who also used online news articles, they only
classified financial news articles i.e. those that referred s pecifically to the financial

status of the company.

After eliminating stop words from 6,239 online news articles, they adopted the vector
space model. Infrequent and high frequency words were eliminated and weights were
assigned t o t he r emaining w ords us ing a v ariant of t he T F*IDF m ethod. N on-
financial news articles, such as those referring to 'legal issues' or 'changes in corporate
control', w ere filtered out us ing T extMiner, t heir i nformation r etrieval t ool. Non-
financial articles were still presented to the user via Warren, their user-agent system;
they were just not used for classification purposes. The most informative co-located
phrases were then identified using information gain (examples include shares and fell
which could be selected from the sentence Shares of ... fell by...) and these phrases
were u sed a s e xperts in th eir "domain e xperts w ith v ote e ntropy" classification
system. T his s ystem r elies o n th e v ote o f e ach e xpert to e stimate th e la bel for
unlabelled data; each expert uses knowledge gained from the labelled training data.

They compared the performance o f this system with naive Bayes with e xpectation-
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maximisation, n aive B ayes with v ote e ntropy, d omain e xperts w ith e xpectation-
maximisation, the most frequent class/category (note all unseen articles were labelled
'neutral’), and random guessing. The last two methods were used simply as baseline

comparisons.

In the first experiment, they used a five-way classification ('good', 'good uncertain',
'neutral’, 'bad uncertain', and 'bad') to determine how well the system used unlabelled
data t o i mprove c lassification ac curacy. T he t wo 'uncertain' classifications w ere
introduced to allow for differences of opinion; for example, one human might label an
article as 'neutral' w hereas an other human might label an article as 'bad' because it
comes from an unr eliable ne ws pr ovider, e ven t hough i t m ay c ontain r easonably
neutral content. They used 1,239 labelled articles for training and they carried out 50
iterations for each method; at each iteration, they used 50 unlabelled articles. U sing
this method, they made a " domain ex perts" classifier that was 7 5% ac curate w hen
they used 1,239 labelled articles and 450 unlabelled articles. The other five systems
performed less well, although naive Bayes with expectation-maximisation performed
almost as well, achieving approximately 72% accuracy w ith t he s ame qua ntity of
labelled and unlabelled data. One of the reasons cited for the good result was the fact
that a restricted voc abulary s et tends to be used by the onl ine ne ws s ources t hey

selected.

The pur pose of t he s econd ex periment w as t o d etermine h ow w ell t he s ystem
classified u nseen n ews ar ticles. U sing 5 49 f inancial n ews ar ticlesouto f 1,168
downloaded a rticles, t he " domain e xperts w ith vot e e ntropy" s ystem c orrectly
classified 433 of those articles as 'good', neutral', or 'bad' i.e. the classifier achieved
79% accuracy on average. Only one of the 549 articles had been manually labelled as
'uncertain'; all other articles had been labelled 'good', 'neutral’, or 'bad'. The same data
was used with the naive Bayes; the result there was 65%. Strengths of this study
include their use of multiple evaluation metrics (random guessing, comparison with
the r esults from t he m ost frequent c lass, and classification a ccuracy). They also

employed various feature selection methods.
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van Bunningen (2004) used pharmaceutical news articles downloaded from the Dow
Jones Newswire to predict market reactions to those news articles. H e interviewed
traders, who told him that news relating to approval and disapproval of patents tends
to be highly price sensitive. H e chose pharmaceutical companies because many of
their news articles relate to approval or rejection of patents. W hilst he also said that
trader reactionst o p harmaceutical companiest endt o be m ore p redictable t han

reactions to IT companies, this claim was not substantiated in his study.

Ino rdert o1 solate t he ef fect o fn ews ar ticles f rom o ther m arket e ffects, van
Bunningen decided to use the market average return; this compares the stock price of
a company with the stock prices of other companies at the same moment. O ther
methods t hat ¢ ould ha ve be en us ed i nclude t he m ean a djusted r eturns, w hereby
"returns are compared with the returns from the same company on other days" and the
market and risk adjusted returns, which also consider "other high risk assets" (ibid,
p.18). van Bunningen broadly defined a trend as "the difference between two closing
prices on t wo c onsecutive days" (ibid, p. 64). Articles that w ere r eleased b etween
those two days were then aligned with that trend. Other studies defined trends and
patterns in terms o f high frequency intraday data (e.g. Ederington and L ee 1993;
Goodhart and O'Hara 1997).

He unde rpinned hi s r esearch with t hree h ypotheses: ( 1) n ews ar ticle analysis h as
significant ad vantage above t rend an alysis, (2) n ews articles h ave an 1 mmediate
influence on the stock market, and (3) the predictable influence o f news articles is
only directly after it arrives and therefore one must react as quickly as possible and
ensure t hat n ews articles ar e correctly aligned w ith r eactions. Inr elationt o
hypothesis ( 3), the author onl y us ed ¢ losing prices but a dmitted t hat m any w ould
argue that one should use intra-day prices rather than closing prices (see Section 2.4
for a discussion on market reactions to events). He also assumed that all returns are
abnormal and that all companies are equally affected by ex ternal factors; in reality,

this would not be the case. He did not cater for transaction, spread, or inflation costs.

He choseas a 'surge'the 50% m ost s teep pos itive trends. T he 50% most s teep

negative trends were used as a 'plunge'. H is d ataset c omprised t welve m onths of
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closing prices and a pproximately 14,000 doc uments for 23 companies. The entire
data set was split into seven training sets coupled with seven test sets; the smallest
training s et s panned approximately three and a half months and the accompanying
test set spanned approximately two months. T he largest training set spanned almost

twelve months and the accompanying test set spanned approximately one month.

He u sed te mplate filling (e.g. see MUC 1997 ) t o e xtract f eatures from t he n ews
articles and IDF to at tach w eights t o t he features. O nly features t hat ap peared a
minimum o f'th ree time s w ere u sed. E xample f eatures in cluded it generate(10)
sale(0), #$ThisCompany report(10) loss(10), and #$stock trade(10) #3price(0). Some
patent-specific f eatures i ncluded #$Company get #$PattentApproval (sic) and
#$Company settle charge. He then used a support vector machine (SVM) to classify
each document as a 'surge', a 'plunge’, or a 'not relevant' document. Unlike Lavrenko
et al (2000) (see Section 3.2), van Bunningen decided not to use categories for 'slight

plunges' and 'slight surges', as he did not think these categories were necessary.

He p erformed a n umber o fte sts w ith th e d ata, in cluding te sts w ith a Il a vailable
articles, tests with a selection of articles that he considered to be more influential, and
tests using h eadlines only. W hen he used all available d ata, the s ystem cl assified
40.67% of the documents as 'surges' whereas only 32.07% were in fact 'surges'; it also
classified 37.28% of t he doc uments a s 'plunges' b ut onl y 33.93 % w ere i n f act
'plunges'. Likewise, w hen h e t ested w ith only a s election o f articles, t he s ystem
classed 38.51% as 'surges' and 41.35% as 'plunges' whereas only 32.16% and 33.96%
were in fact 'surges' and 'plunges’. When he only used headlines, 55.76% and 48.84%
were c lassified as 'surges' and 'plunges' respectively, but only 32.07% and 33.93%

were in fact 'surges' and 'plunges'.

He also found that the majority of articles tended to be classified as 'not relevant'. For
example, in th e first data s et t hat co mprised al | av ailable d ata, 4 28 ar ticles w ere
classified as 'not r elevant' w hen t hey were in fact 'plunges', w hilst only 36 w ere
correctly classified as 'plunges'. Likewise, 4 93 ar ticles w ere p redicted as ' not
relevant' when they were in fact 'surges', whilst only 64 were correctly classified as

'surges'. H e proposed that it w as pos sible t hat t hose a rticles m ay ha ve ¢ ontained
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features that occurred less than three times in the document collection and therefore
those features had never been seen by the system before. He also suggested that there
might not be a high correlation between the news articles and the stock prices and that
these factors, co upled w ith t he fact t hat t he ' plunges' t raining s et w as t he 1 argest,
might ha ve ¢ ontributed to t he hi gh num ber o f mot r elevant' classifications. T o
identify us eful f eatures a nd i mprove t he c lassification, he r ecommended us ing
information gain and more domain knowledge, with intraday data. Some strengths of
this s tudy i nclude t heir us e of m ultiple ev aluation m etrics ( random ch ance,
classification accuracy, and precision and recall). The researchers did not, however,
compare t he results with t hose from ba seline approaches (e.g. b ag-of-words) or a

trading strategy.

3.5 Financial Ratios and Variables

Koh and L ow (2004) looked at financial r atios for 330 ¢ ompanies, d erived from
various ¢ lectronic s ources (the C OMPUSTAT tapes, M oody’s Industrial and O TC
Manuals, and the SEC's 10-K Reports), to predict going concern companies. Using a
dataset of 165 going concern and 165 non -going concern companies, they evaluated
the us efulness of decision trees, neural ne tworks, and 1 ogistic regression to predict
going c oncern a nd non -going ¢ oncern s tatus. They found t hat t he de cision t ree
models out performed t he ot her t wo m odels w hen t he s ame s ample was u sed f or
training and testing; decision trees achieved a classification accuracy rate of 97.39%,
whereas t he a ccuracy for t he ne ural ne twork and 1 ogistic r egression m odels w ere

95.65% and 95.22% respectively.

They also e xamined t he s ensitivity of e acht ype of m odelt oc hangesint he
independent variables and found that the total liabilities to total assets (TLTA) and
retained earnings to total assets (RETA) variables were the most important variables,
when predicting going concern status, for each of the three models. T hey used the
Berry and Linoff (1997) method, which involves analysing prediction changes based
on the average, minimum and maximum values of each independent variable. They
found t hat t he impact o fthe T LTA and R ETA variables was found to be inthe

expected di rection. W hent heyus ed ava lidation s ample, de cision t rees s till
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outperformed the other two models, by achieving a classification accuracy of 95%.
The ac curacy f or | ogistic r egression a nd ne ural ne tworks w as 94% a nd 91%

respectively. T hese hi gh results seem to i mply that financial ratios are very good
predictors of going concern companies, but unfortunately the authors did not report
on th e s tatistical significance o f these results. T hey id entified s ome limitations o f
their own study, which included the fact that it might be more interesting and useful if
the models were able to select the most predictive variables. A Iso, they suggested
that one should consider the costs of any misclassifications and the relative proportion

of going concern and non-going concern companies used in the experiments.

Qi (1999) used nine microeconomic and macroeconomic variables as well as a neural
network to predict stock returns on the S&P 500. The microeconomic variables were
'dividend yield' and 'earnings-price ratio'. The macroeconomic variables included the
'one-month Treasury-bill rate' and the 'year-on-year rate of inflation'. Qi compared
the performance of the neural network (NN) to linear regression (LR) and found that
the performance of both models depended not only on the out-of-sample test period,
but a Iso on the pe rformance m easures us ed ( e.g. r oot-mean-squared error o rt he

Pearson correlation coefficient).

When h e tested t he s tatistical s ignificance o f't he r esults h e found t hat the n eural
network had smaller squared forecast errors than linear regression but that these were
not statistically significant. Qi also determined that, despite the level of forecasting
errors in both models at di fferent time periods, both the neural network and linear
regression have some market timin g ability, which means they can still be used by
investors to generate wealth. He used the Pesaran Timmermann (PT) nonparametric
test to determine this (see Pesaran and Timmerman 1992 for a discussion of the PT
test). In particular, they found that using a s witching portfolio and the NN m odel
yielded higher profits with lower risks than using a buy-and-hold market portfolio and
LR. However, another author, Racine (2001), who attempted to replicate Qi's results,
cautioned against relying on that trading strategy because he found the opposite was
true i.e. that using a switching portfolio and the NN model yielded lower profits with
higher risks than using a buy-and-hold market portfolio and LR.
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Qi tested the relative predictive power of both models using an encompassing test and
found that the nonlinear neural network had significant explanatory power. T he test
also showed that the information contained in the LR forecasts was simply a subset of
the information contained in the NN forecasts. To ensure robustness, he tested the
profitability o f va rious t ransaction ¢ osts a nd di fferent t ypes of por tfolios ove r
different decades; the portfolios were market, bond, and switching portfolios. Using
zero transaction costs, for e xample, the neural ne twork s witching por tfolio yielded
higher profits with lower risks for each of the decades, than using a 'buy-and-hold'
market portfolio or the linear r egression s witching por tfolio; t he 1 inear regression
switching por tfolio a Iso yielded hi gher p rofits t hant he ' buy-and-hold' m arket
portfolio.

Kryzanowski et al (1993) attempted to predict future returns by looking at industry
and company financial ratios, as well as s even m acroeconomic variables, obt ained
from financial statements and business publications. T he five industry ratios ('gross
profit margin', 'current ratio', 'net profit margin', 'return on e quity', and 'total debt-to-
equity ratio') were used to set a benchmark for each company. The 14 financial ratios
included the 'gross profit', 'total asset turnover', and 'debt ratio' for e ach ¢ ompany.
These were broadly categorised as profitability, debt, or liquidity and activity ratios.
The seven macroeconomic variables included 'industrial production', 'gross domestic
product', a nd t he 'consumer pr ice i ndex'. In total, 88 va riables w ere us ed; t he
variables also included the volatility of each of the ratios for each company and the

volatility of each ratio for the industry in general.

They conducted two experiments using the Boltzmann Machine (BM) algorithm for
pattern classification. A BM "is a kind of ANN that uses simulated annealing to set
the s tates of t he ne urons dur ing bot h t he w eight-learning and function-computing
stages of'its operation" (ibid, p.22). Simulated annealing is "a discrete optimization
method that us es a gradually de creasing a mount of random noi se w hile s earching

some problem space for a globally optimal solution" (ibid, p.22).

In the first experiment, 40 training cases and 42 verifying cases were used to classify

149t estc asesa sh avinga 'positive' or 'negative' return. Int hist wo-way
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classification, the BM correctly classified 66.4% of the 149 test cases or 71.2% when
the 11 ¢ ases which it c ould not decide on, w ere om itted ( leaving just 138 cases).
Whilst t he n egative ca ses h ad m any m ore e rrors t han t he p ositive cases,itis
important to note that there were significantly more negative cases (125) than positive
ones (24). T hey also found that one year (1989) yielded more errors than the two
previous years. W hen they analysed the errors more closely, they discovered some
unusual findings. For example: one case, which actually resulted in a 150% return,
was predicted by the system to yield a negative return. Another case, which actually

resulted in a —73% return, was predicted by the system to yield a positive return.

In t he s econd e xperiment, t hey used 39 t raining cases and 42 v erifying cases to
classify 149 c ases as positive, neutral, or negative. In this three-way classification,
the BM correctly classified 45.6% ofthe 149 cases. H owever, the BM incorrectly
classified 46 out of 47 ne utral c ases a s e ither ' positive' or 'negative'. T hey did
suggest, ho wever, t hat de spite t hese pr omising results, t here was ane edf or
experiments w ith al arger n umber o f cases an d d ifferent t ime f rames, to e nsure

robustness.

To e valuate t he s ystem, t hey ¢ ompared t he r esults f rom bot h e xperiments w ith
random guessing. In the first experiment (the two-way classification), the accuracy
was 66.4% a soppos edt 050% . Int hes econd experiment ( thet hree-way
classification), the accuracy was 45.6% as opposed 33.3%. Unfortunately, they did
not report on the potential profitability of the system.

Lam (2004) predicted the rate of return on common shareholders' equity for 364 S&P
companies f ort het en-year pe riod 1985 -1995 b yi ntegrating f undamental a nd
technical an alysis ( see Section 2.1 f or a discussion ont he t wo t ypes of financial
analyses). S heused 120 ' high-return' c ompanies, 122 ' medium-return' c ompanies,

and 122 'low-return' companies in the dataset.

To evaluate the performance, she compared the average return from all the companies
classified by the s ystem as 'high return' c ompanies, w ith ma ximum a nd min imum

benchmarks, r ather t han u se t he p ercentage o fco rrectly classified ¢ ases as t he
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performance indicator. The maximum benchmark w as the average return from the
top one -third returns in t he m arket a nd t he m inimum be nchmark was the m arket

average in the test set.

Using recommendations from previous studies including Kryzanowski et al (1993),
Lam used 1 1 m acroeconomic v ariables extracted f rom t he C itibase fileand 1 6
microeconomic financial statement variables (referred to as 'microeconomic variables'
from now on) extracted from the industrial annual file. M acroeconomic v ariables
included 'government s pending/gross dom estic product', the 'consumer price index',
and t he ' purchase pr ice of ¢ rude oi I' M icroeconomic va riables i ncluded ' net
income/net sales', 'dividend per share', and 'common shares traded'. U sing a neural

network, she conducted five experiments (see Table 3.11).

Number of Number of Number of Sets of Number of Companies in
Years Variables Training and Test | each Training and Test Set
Financial Used Samples
Data
. 16 micro Training set: 364
Experiment one ! variables o Test set: 364
. 32 micro Training set: 364
Experiment two 2 variables 8 Test set: 364
. 48 micro Training set: 364
Experiment three 3 variables ! Test set: 364
16 micro
. variables Training set: 1092
eI O 3 11 macro 7 Test set: 364
variables
. . 16 micro Training set: 364
SpETmaiTe ! variables o Test set: 364

Table 3 .11: R esults of neural ne twork e xperiments us ing di fferent years,

variables, training, and test sets (Lam 2004).

In experiments one to three, the neural network was unable to meet the m aximum
benchmark; onl yt he minimum be nchmark w as " consistently and significantly"
outperformed (ibid, p.567). In experiment four, the NN was able to outperform the
minimum benchmark, but only marginally. T he maximum benchmark was not met.
In experiment five, Lam used the same data and number of training and test sets as in
experiment one . H owever,s het henus edt he G LARE a Igorithm t o e xtract
classification rules from t he ne ural ne twork (see A ppendix A of Lam 2004 for an

overview of the input/processing/output of GLARE). One rule (rule 5) achieved an
102




average return that was 53% better than the average return from the original neural
network; this was also the best average return among all experiments and almost met
the maximum benchmark. A's a result, Lam recommends the use of post-processing
when pr e-processing i s i mpractical.  Apart from i mproving pe rformance, Lam
maintains th at p ost-processed r ules ar e u seful for ex plaining p rediction lo gic to

Investors.

3.6 Summary

In this chapter, we presented studies that analysed single words, keyword records and
phrases, and financial ratios and variables in financial documents. W hilst eighteen
studies involved the analysis of single words, four of these studies also experimented
with ke yword r ecords and phrases. S even s tudies us ed only ke yword r ecords and
phrases. Two studies used single words with financial ratios and variables and six

used financial ratios and variables only.

In terms of data sources, twenty-three studies used online news stories or messages
but only five studies us ed on - or o ff-line s tatements or r eports. P rediction g oals
varied—the ma jority of s tudies ( twenty-three) involved t he pr ediction of p rices,
directions, or trends. T hree studies involved the prediction o f m arket or m essage
sentiment a nd t wo s tudies i nvolved ot her pr ediction g oals ( i.e. going c oncern

companies and the volatility of companies or markets).

A number of different methods were used. Five studies used rule induction methods,
seven used neural networks, and three used both rule induction methods and neural
networks. F ive s tudies us ed s upport ve ctor machines a nd nine used B ayesian
methods. O ne s tudy us ed rule i nduction m ethods and B ayesian methods and two
used s upport v ector m achines a nd B ayesian m ethods. Twenty-three studies us ed
'other m ethods', w hich included s tatistical m ethods, | anguage m odelling, m ultiple

discriminant analysis, k-nearest neighbour, and genetic algorithms.

With regards single w ord features, s upport v ector machines and Bayesian m ethods

were used more frequently (used five and eight times respectively) than rule induction
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methods and neural networks (both used once only). 'Other methods' were also used
but often to c ompare with t he a forementioned m ethods. W ith r egards ke yword
records and phrases, rule i nduction m ethods w ere used five times w hereas n eural
networks, support vector machines, and Bayesian methods were used three, three, and
two times respectively. W ith regards financial ratios and variables, neural networks
were used four times, rule induction methods and Bayesian methods were both used

once, and support vector machines were not used.

Table 3.12 recaps the methods adopted in the various studies (also in Table 3.1) but
also highlights the range of evaluation metrics used and the research considerations,
which varied greatly between studies. Feature selection methods such as TF*IDF are
categorised as © other r esearch co nsiderations’ e xcept w here t hey w ere used as a
baseline approach,1 n which ¢ aset hey appeara sa n evaluation m etric unde r
‘Compared method(s) with baseline approach(es)’ (see, for example, Lavrenko et al.,

2000).
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Das and Chen (2001) 50 * *
Swales and Yoon (1992) 53 *
Schumaker and Chen (2006) 54 * * *
Mittermayer and Knolmayer (2006a) 56 * * * *
Fung et al (2005) 60 * * *
Antweiler and Frank (2004) 61 *
Antweiler and Frank (2006) 62 *
Gidofalvi (2001) 63 * * *
Liu et al (2006) 65 *
Lavrenko et al (2000) 67 * * * * *
Koppel and Shtrimberg (2004) 69 * *
Kroha and Baeza-Yates (2004) 71 *
Kroha et al (2006) 73 *
Tetlock (2007) 74 * *
Tetlock et al (2008) 75 *
Engelberg (2008) 76 *
Henry (2008) 79 *
Loughran and McDonald (2011b) 80 * * *
Permunetilleke and Wong (2002) 85 * *
Wiithrich et al (1998) 87 * *
Thomas and Sycara (2000) 89 *
Cho et al (1999) 90 * *
Thomas (2003) 92 * * *
Seo et al (2004) 94 * * *
van Bunningen (2004) 96 * * *
Koh and Low (2004) 98 *
Qi (1999) 99 * *
Kryzanowski et al (1993) 100 * *
Lam (2004) 101 *
Slattery (2012) * * *

Table 3.12 Methods, evaluation metrics, and research considerations used for the automatic analysis and classification of financial documents.

* Examples of baseline approaches include the most frequently-occurring class or naive bayes bag-of-words.

**Other research design considerations include feature selection, robustness analysis, statistical significance, or various event windows.
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Because the features, datasets, and m ethods v aried so widely, itis not possible to

identify a single best result. However, we have identified what we believe to be three

of t he best studies, based on our
strengths of each o ft hese s tudies are briefly s ummarised in T able 3.13.

limitations are also summarised, in the interest of completeness.

evaluation of t he rigor of t heir r esearch. The

Some

Author(s)

Strengths

Limitations

Schumaker and

Chen (2006)

Examined three document representations
(bag-of-words, noun phrases, and named
entities).

Used SVM for all three representations and
compared three results (closeness,
directional accuracy, and profitability) with
the equivalent results from linear
regression.

Considered the cash outlay/ investment
required to make various returns.
Performed 10-fold cross validation and
used statistical techniques to measure

robustness.

Relatively small dataset.
Only used S&P
companies (could also
be seen as a strength).
Did not investigate other
machine learning
approaches.

Did not consider
transaction, inflation, or

spread costs.

Mittermayer and

Knolmayer (2006a)

Used a thesaurus of single words with a
bag-of-words model.

Employed various feature selection
techniques (inverse document frequency
(IDF), collection term frequency (CTF),
and information gain (I1G)).

Employed various algorithms (linear and
non-linear SVMs, k-nearest neighbour (k-
NN), and Rocchio).

Performed 10-fold cross validation.
Developed a trading engine and used a
two-sided early exit strategy.

Compared results with random guessing.
Examined prediction accuracy.
Examined harmonic mean of macro
average precision and recall.

Performed a robustness analysis by

adjusting feature selection parameters, size

Excessive filtering of
documents.

Did not consider
transaction, inflation, or

spread costs.
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of feature set, document representation, and
classifier.
Lavrenko et al e Used Bayesian language modelling and e Ignored temporal
(2000) linear regression. ordering.
e  Used external relevance assignments/ e  Only considered volatile
judgements. stocks.
e Evaluated performance using detection e Did not consider
error tradeoff (DET) curves. transaction, inflation, or
e  Compared the performance of their method spread costs.
(LM) with the vector-space method. e  Unlimited and
e Implemented a basic trading strategy/ unrealistic funds during
simulation. the simulation.

Table 3.1 3: Three rigorous studies determined byt he range o f ev aluation

metrics used and the robustness of their research methods.

As we will discuss in Chapter 6, we examined t he p erformance o ft wo m achine
learning al gorithms. W e also used a c ombination of evaluation metrics, including
directional accuracy on unseen data, random guessing/chance, and comparison with
baseline ap proaches. Whilst w e di d not c onsider t ransaction, i nflation, or s pread
costs or implement a trading strategy, we do recommend future work in this area in
Chapter 7. B ut before we examine our methodology and results, we need to present
the background and rationale to our study. In Chapter 4, w e will examine the data
sources we ¢ hose (Form 8 -K disclosures) and why we chose them. We will also
examine the wider price dynamics in which our 8-Ks were filed, by looking at various
event windows. We will then describe how w e identified financial event phrases

within 8-Ks.
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Chapter 4: Events in Form 8-K Disclosures

4.1 Outline

In the previous chapter, we examined studies that used single words, keyword records
and phrases, and/ or financial ratios and variables for the automatic content analysis
of financial doc uments. In this c hapter, w e be gin to present t he rationale for our
study. In Section 4.2, we briefly look at the SEC legal requirements for the filing of
corporate disclosures. W e al so ex amine F orm 8-K disclosures in d etail ( hereafter
referred to as 8-Ks), as we use 8-Ks in this study. Finally, we look at some of the
features of the Electronic Data Gathering, Analysis and Retrieval (EDGAR) system,
which hosts 8-Ks. In Section 4.3 we examine the datasets used in this study and in
Section 4.4, we examine the causal effect of 8-Ks on prices, by considering the wider
price d ynamics in w hich our 8-Ks were filed. In Section 4.5 we discuss how we
identified the financial event phrases (FEPs) that were used to recognise events in 8-

Ks. Finally, in Section 4.6, we provide a summary of the chapter.

4.2 Background to Corporate Reporting on the EDGAR
System

The Securities and Exchange Commission (SEC), headquartered in W ashington DC,
enforces a number of laws to ensure that investors and markets have access to all the
information t hat i s needed t o trade in a fair, or derly, and e fficient m anner ( SEC
2010b). T wo p articularly imp ortant la wsr elatingto th ef ilingo fc orporate

information are the Securities Act of 1933 and the Securities Exchange Act of 1934.

The Securities Act of 1933 requires companies to ensure that investors have access to
all r elevant i nformation co ncerning t he p ublic s ale o f's ecurities. T he Act co vers
issues s uch a s de ceit, misrepresentations, a nd other f raud r elating t o the s ale of
securities (SEC 2010b). This A ct also requires the m ajority of U.S. c ompanies to
register their securities with the SEC. T he Securities Exchange Act of 1934, which
led to the establishment of the SEC, requires companies to ensure that investors have
access to all relevant information about publicly-traded and over-the-counter (OTC)
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securities. A Iso, as part of this A ct, c ompanies w ith a ssets w orth m ore than $10
million and whose securities are held by more than 500 ow ners, are required to file
periodic forms i ncluding 10 -Qs (quarterly r eports), 1 0-Ks ( similar to the a nnual
reports), and 8 -Ks (current or material event reports). T here are over 100 different
form types and each relates to specific e vents w hich must be disclosed to investors
and other relevant parties. E ach form type has its own legal requirements also; for

example, the filing deadlines vary for each form type.

Our thesis is c oncerned w ith 8 -Ks and w e ¢ hose t his form t ype for t wo r easons.
Firstly, an initial evaluation of form types revealed that companies are required to file
8-Ks w henever m aterial ev ents o r co rporate ch anges w hich ar e o fi mportance t o
investors and other relevant parties arise. S econdly, we had access to closing prices
within a three-day window of corporate filings, so it made sense to use 8-Ks as they
must be filed within a reasonably short time frame after a triggering event. An 8-K
contains more current information than is found in a 10-Q or 10-K, and is therefore
called a ‘current report’. When amendments are made to 8-Ks they are called 8-K/As

but we did not examine these.

Initially, there were nine reportable events in 8-Ks (see Table 4.1). Some events were
clearly of relevance t o investors (e.g. item 3: bankruptcy) but ot hers w ere of 1ess
significance (e.g. item 8 : change in fiscal year). A Iso, as we will discuss shortly,
companies were only required to file some items after the e vent took place, which
probably diluted the i mpact of those 8-Ks on s hare prices, as the i nformation had
already reached the market by the time the 8-K was filed. However, in June 2002, the
SEC put forward a proposal (SEC 2002) to increase the number of reportable events
to 22. The SEC also proposed that the filing deadline be shortened from five business
or fifteen calendar days (depending on the event) to two business days (or four days
for companies who filed a Form 12b-25), to increase the timeliness—and therefore
the usefulness—of 8-Ks to investors. D ueto the Il arge num ber of ¢ omment and

complaint letters they received, they did not implement this proposal.
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Item 1 Changes in Control of Registrant

Item 2 Acquisition or Disposition of Assets

Item 3 Bankruptcy or Receivership

Item 4 Changes in Registrant’s Certifying Accountant

Item 5 Other materially Important Events

Item 6 Resignation of Registrant’s Directors

Item 7 Financial Statements and/ or Exhibits

Item 8 Change in Fiscal Year

Item 9 Sales of Unregistered Equity Securities/ Regulation FD Disclosure

Table 4.1: Initial listing of reportable event items in Form 8-Ks (SEC 2002).

In July 2002, Congress passed the Sarbanes-Oxley Act (SEC 2002)**. Amongst other
things, t his A ct required publ ic ¢ ompanies t o di sclose i nformation t hat w as o f
material interest to investors and other relevant parties, on a rapid and current basis.
Following on f rom t his A ct, a nd ha ving t aken on boa rd m any of t he c omments
received after the 2002 proposal, the SEC officially amended the 8-K requirements in
March 2004 (SEC 2004a). Eight new items were added to the list of events that must
be reported, two items were transferred from the periodic reports (10-Qs and 10-Ks),
and two existing items were modified. Items were reorganised and renumbered and
similar items were grouped (see Table 4.2). Also, the time period within which such
filings m ust be m ade w as s hortened to four days after t he triggering e vent. T he

changes took effect in August 2004.

Item 1.01 Entry into a Material Definitive Agreement
Section 1
Registrant’s Business and Item 1.02 Termination of a Material Definitive Agreement
Operations
Item 1.03 Bankruptcy or Receivership
Item 2.01 Completion of Acquisition or Disposition of Assets
Item 2.02 Results of Operations and Financial Condition
. Item 2.03 Creation of a Direct Financial Obligation or an
Section 2 VT
) . . Obligation under an Off-Balance Sheet
Financial Information .
Arrangement of a Registrant
Item 2.04 Triggering Events that Accelerate or Increase a
Direct Financial Obligation or an Obligation under
an Off-Balance Sheet Arrangement

* http://www.sec.gov/about/laws/s0a2002.pdf

110



http://www.sec.gov/about/laws/soa2002.pdf

Item 2.05

Costs Associated with Exit or Disposal Activities

Item 2.06 Material Impairments
Ttem 3.01 Notice of Delisting or Failure to Satisfy a Continued
) Listing Rule or Standard; Transfer of Listing
Section 3 . . -
Securities and Trading Markets | Item 3.02 Unregistered Sales of Equity Securities
Ttem 3.03 Material Modifications to Rights of Security
Holders
Changes in Registrant's Certifying Accountant
Section 4 Item 4.01
Matters Related to Accountants Non-Reliance on Previously Issued Financial
and Financial Statements Item 4.02 Statements or a Related Audit Report or Completed
Interim Review
Changes in Control of Registrant
ftem 5.01 Departure of Directors or Principal Officers;
Ttem 5.02 Election of Directors; Appointment of Principal
Officers
Section 5 Ttem 5.03 Amendments to Articles of Incorporation or Bylaws;
Corporate Governance and ) Change in Fiscal Year
Management
Ttem 5.04 Temporary Suspension of Trading Under
) Registrant's Employee Benefit Plans
Ttem 5.05 Amendments to the Registrant's Code of Ethics, or
' Waiver of a Provision of the Code of Ethics
[See Table 4.3 for later amendments to this Section]
Section 6 [Reserved] [See Table 4.3 for later amendments to this Section]
Section 7 . .
Regulation FD Item 7.01 Regulation FD Disclosure
Section §
Other Events Item 8.01 Other Events
Section 9
Financial Statements and Item 9.01 Financial Statements and Exhibits

Exhibits

Table 4.2: Amended listing of reportable items in Form 8-Ks (SEC 2004a).

The increase in the number of material events that needed to be filed caused concern

to many companies, some of whom had rarely filed 8-Ks because they had considered

the ma jority o fth eir e vents to b e o flittle interest to i nvestors.

Prior t 0 2004,

companies only had to report changes of control or the acquisition or disposition of

assets after the transaction w as completed. A s a result, the 8 -K in formation w as

probably not very useful, as the information would have already reached the market

through other sources. However, the new SEC requirements meant that a company
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had to file an 8-K as soon as it entered into an agreement and again after closing the
agreement. T he f iling de adline ¢ hanges, 1 n pa rticular, b rought w ith th em a n
increasing concern that events that might not seem material, might indeed turn out to
be so. However, for seven of the event types, failure to make a filing within four days
of the event would not make the company liable provided the company reported the

event(s) in a 10-Q for the quarter in which the event(s) occurred.

According to Bernstein (2004), the increase in the number of events that needed to be
reported brought with it a reduction in the value of 8-Ks, as companies scrambled to
file them by th e d eadline; also, the s tricter rules me ant th at many 8 -Ks co ntained
immaterial as well as material events. B ernstein argued that the majority of events
that m ust be reported in 8 -Ks w ould ap pear i n p ress r eleases al most i mmediately
afterwards anyway; therefore, there was no r eal advantage to imposing such a short
filing deadline on c ompanies. H owever, a more recent study by Lerman and Livnat
(2009), w hich e xamined how i nformative t he ne w 8 -Ks a re, f ound t hat t he ne w
guidelines provided investors with more timely access to relevant i nformation (see
Section 2.4 for a discussion). See Table 4.3 for event items that were added between

2005 and 2011.

Section 5
(effective November 2005) Item 5.06 Change in Shell Company Status.
(effective February 2010) Item 5.07 Submission of Matters to a Vote of Security
Holders.
(effective January 2011) Item 5.08 Shareholder Director Nominations.
Section 6 Item 6.01 ABS Informational and Computational
Asset-Backed Securities Material.
(effective March 2005)
Item 6.02 Change of Servicer or Trustee.
Item 6.03 Change in Credit Enhancement or Other
External Support.
Item 6.04 Failure to Make a Required Distribution.
Item 6.05 Securities Act Updating Disclosure.
(effective January 2011) Item 6.10 Alternative Filings of Asset-Backed Issuers.

Table 4.3: Subsequent amended listing of reportable event items in Form 8-Ks

(SEC 2004b; SEC 2005; SEC 2009a; SEC 2011).
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Apart fro m t he relatively r ecent study by Lerman and Livnat, f ew s tudies have
examined the impact of 8-Ks on returns. As we discussed in Chapters 2 and 3, most
corporate news prediction studies focused on specific event types or they used online
news stories or messages, rather than 8§-Ks.  Also, as none of the other studies used

keywords and events in 8-Ks as prediction features, this makes our approach unique.

This t hesis u ses t hree datasets o f 8 -Ks. The first d ataset w e o btained r elated t o
specific types of companies that filed over a five-year period in the mid to late 1990s
and were therefore only required to file a limited number of event types (see Items 1-
9 in Table 4.1). We used this initial dataset for some preliminary experiments and to
develop the grammar of financial e vent phrases (see Section 4.4). T he second and
third d atasets related to f our-year pe riods but t o a m uch br oader s pectrum o f
companies. A lso, the third dataset relates to the post 2004 SEC changes, so these
disclosures should contain many more types of events. See Section 4.3 for a thorough

description of the three datasets used.

In terms of the structure of 8-Ks, they consist of submission header information and
concatenated doc uments. T he s ubmission he ader t ypically contains t he f ollowing
information (Keane 2010):

e Accession number®.

e Form type.

e Filed as of date (filing date).

e Company conformed name.

e Central Index Key (CIK)™.

e Standard Industry Classification (SIC)SI.

e IRS number.

e Fiscal year end.

e Business address.

% The accession number is a unique number generated by EDGAR, comprising the CIK, the year, and
a six-digit sequence number. The accession number also appears in the URL for the filing.

3% The CIK is a u nique identifier assigned by the SEC to each person or entity who files disclosures
withthe SEC. I n1 997, th e N orth A merican I ndustry Classification ( NAICS) s ystem o fficially
replaced the SIC, although the SIC is still used in EDGAR filings.

! The SIC is a code used to classify each filer by industry. For example, the 6021 SIC code refers to
companies in the Financial Services industry.
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The main bod y o fthe 8-K co mprises ap plicable ev ent i tems, o ther co ncatenated
documents, a nds ignatures. C ompanies a re pe rmittedt o1 ncorporate e vent
information b y r eference t o s ources s uch as p ress r eleases o r o ther s tatements,
provided those sources are published within the prescribed period for filing a 8-K and
they i nclude ¢ opies of those ot her s ources as exhibitsinthe 8 -K ( SEC 2010a ).
Companies are obligated to ensure the reports are informative and not misleading. In
1998, the SEC published ‘A Plain English Handbook’ (SEC 1998) to help corporate

lawyers and authors write clearer and more informative disclosures.

The Electronic Data Gathering, Analysis, and Retrieval (EDGAR) system, which was
officially launched in 1994, is an online archive of all forms filed electronically with
the SEC. P rior to 1994, disclosure filings had to be made by hard copy. By May
1996, all public domestic companies were required to make their filings on EDGAR,
except in the case of a hardship exemption. E DGAR now accepts and disseminates
4,000 to 12,000 live public s ubmissions per day during pe ak pe riods; put another
way, EDGAR receives up to 2GB of data in a single business day (Keane 2010). The
size o f' d isseminated s ubmissions can vary from 1K Bto 100M B but the a verage

submission size is around 115KB (Keane 2010).

As we have already pointed out, our initial dataset relates to the mid to late 1990s. At
that time, filers w ere r estricted from in cluding active c ontent, e xternal r eferences,
nested table tags, and any other tags that were not supported by the EDGAR system.
The majority of the filings in that dataset comprised of limited tags, apart from the
required h eader tags and closing </ TEXT> and </ DOCUMENT> tags which w ere
automatically inserted by the EDGARLIink software, which was used to prepare and
upload the 8-Ks. However, since the late 1990s, a number o f major improvements
have been made to EDGAR. Nowadays, concatenated documents within submissions
can be formatted in ASCI/SGML, HTML, GIF, JPG, PDF, XML, or XBRL and they
can be uploaded via the Internet or Secure Shell (SSH) (Keane 2010). In 2011 and
2012, the three volumes of the EDGAR filer manual were updated for EDGAR users

to pr ovide de tailed i nformation on t he a pplication a nd f iling pr ocesses®>. The

32 http://www.sec.gov/info/edgar/edmanuals.htm
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EDGARLIink software and s ubmission t emplates pr ovide filers w ith g uidelines on
how t o f ormat t heir di sclosures. Recent de velopments i n X BRL r eporting have
resulted in a significant improvement for EDGAR users and filers. X BRL tagging,
also know n a s 1 nteractive di sclosure t echnology, f acilitates u sers t o more eas ily
compare information, whilst also minimising the burden on filers. The SEC believes
that users will no longer be forced to pay third-parties to repackage the financial data
before they can analyse it. O ne major advantage of X BRL dataisthatitcan be
downloaded di rectly t o s preadsheets a nd a nalysed i na va riety o fof f-the-shelf
products ( SEC 2009) . X BRL r equirements w ere pha sed i n f rom 2008 but w ere
officially adopted in a Final Rule in 2009 ( SEC 2009b). Filers are now required to
file th e in teractive X BRL d ata a s a n e xhibit to th e tr aditional f ilings a nd th e
traditional filings will c ontinue to be of fered to users. T hese recent changes have
been de signed t o g o ha nd-in-hand w ith pl ans t o e ventually r eplace t he E DGAR
system with the Interactive Data Electronic Applications (IDEA) system.

It currently takes nol onger t han t wo m inutes from t he receipt of an electronic
submission by EDGAR to the dissemination of a validated and reassembled version
via the E DGAR P ublic D issemination Service ( PDS)and S EC w eb site ( Keane
2010). The SEC still accepts paper submissions but these are entered into EDGAR
by the SEC. Abbreviated versions of the paper submission are then disseminated to

the public via another service.

A variety of search options are now available on EDGAR. General purpose searches
include searching for companies and filings by company name, ticker symbol, Central
Index Key (CIK), or Standard Industry Classification (SIC); searching the most recent
filings—both paper and electronic; and s earching for current e vents within the past
fivedays. Itisalsopossibleto performa full-texts earch o ffilings ( including
attachments) for the past four years. S pecial-purpose searches include searching for
mutual funds filings and retrieving prospectuses for specified mutual funds. EDGAR
users c an also use File Transfer P rotocol (FTP) to a ccess i ndices o f archive d ata

sorted by company, form type, and CIK (known as the master index).
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4.3 Datasets

As mentioned previously, we used three datasets. T he first was a dataset of 8-Ks in
the 7372 S IC, s panning from 1994t 0 1998. The 7372 S IC refers to © Services-
Prepackaged S oftware’ and i ncludes ¢ ompanies t hat de velop and s ell a pplications
software, operating systems, and other software utilities. W e initially obtained data
for this industry purely because it was related to the field of computing. However, to
ensure transferability to other industry domains and to make certain that we held no
bias towards small or large firms, we later randomly chose 50 companies from the
Standard & Poors (S&P) 500 index for the second and third datasets. We will now

discuss the features of each dataset.

4.3.1 The 7372 Dataset

We initially obtained the filing dates and URLs for 556 8 -Ks filed between January
1994 and S eptember 1998. T hese 8 -Ks all related to c ompanies in the 7372 S IC
domain. For each of the 8-Ks, we also received the closing stock price data for days
t-1, t, and t+1, where t was the day of the EDGAR filing. The percentage share price
return around the announcement date (from here on referred to as the annret) was then
calculated as follows: ((Pt+1)/(Pt-1))-1, where P stands for the closing s hare price.
The annrets ranged from -1.00 to +0.88 for these 556 8-Ks.

Like van Bunningen (2004)**, we used cl osing prices rather than intraday prices as
only c losing pr ices w ere r eadily a vailable. A Iso, 1t w as not a lways possible t o
determine the specific time of the day when filings were submitted to the SEC and
subsequently posted online, so it was best to use a consistent pricing method. W hilst
Mittermayer and Knolmayer (2006b) argue that closing prices should not be used as
the market r eacts very qui ckly, and Andersen and B ollerslev ( 1998b) argue t hat
closing prices that are similar to the previous opening prices may disguise intraday
volatility, MacKinlay (1997) was not convinced of the net benefit of high-frequency

intraday data. W e worked on the assumption that closing prices within a day of an

*3 van Bunningen (2004) compared the closing price of a company with the closing price of the market
in general, to isolate the effects of the news article on the price. He referred to this as the market
adjusted return, as discussed in Brown and W arner ( 1985). We, on the o ther hand, used a more
simplified return model which compared the closing prices of a company around the filing release date.
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event would still capture the effect of the event but we will discuss the consequences

of this approach in Chapter 7.

We ch ose at hree-day window ( days t£l) for a num ber of reasons. Firstly, we
assumed that reactions to 8-Ks—as opposed to news headlines—do not always occur
immediatelyand maytakeupt oa day (seeSection2.2f ora discussion of the
Efficient M arkets H ypothesis). In other words, we assumed that the market is not
fully efficient (see Section 1.3 for our list of assumptions). Secondly, as SEC filings
are sometimes posted after trade has ceased on day t, the effect of an 8-K might not
be seen until day t+1. Also, in his 2003 study, Griffin 2003 reported there can be a
short lag between when an EDGAR filing is made and when a filing appears on the
public site. H owever, because the filing deadline was reasonably generous prior to
2004 ( five business or fifteen calendar d ays),itis quite possiblet hatt he e vent
information had already been leaked, by the time our 8-Ks were filed. On that note,
Carter and Soo (1999) found evidence of a limited market response to 8-Ks and that
timely filing was the single most important factor influencing the market relevance of
the 8 -K. As discussedin Section 2.4, L erman and Livnat e xamined t he market
relevance of 8 -Ks filed since the 2004 r ule changes and found that the ne wer 8-Ks
provide investors with more timely access to relevant information. We addressed the
issue of the market relevance of 8-Ks to a cer tain extent, by obtaining data that was
filed after the 2004 rule changes (the third dataset, which will be discussed shortly).

In Section 4.4, we will also discuss the causal effect of 8-Ks in various windows.

Antweiler and Frank (2006) suggested us ing windows g reater t han t hree da ys for
robustness as they found that the returns varied depending on t he length of window
used ( see S ection 3.2 f ora di scussion of t heirs tudy). Tetlock ( 2007) also
experimented with different window sizes and found that some negative effects were
reversed within a week (see Section 2.4). Asthana and Balsam (2001) used a five-
day window (days t-1 to t+3) but reported similar results with three-day (days t-1 to
t+1) and seven-day (days t-1 to t+5) windows. Whisenant et al (2003) used three-
and seven-day windows but suggested that if leakage of information occurs before an
8-K f ilingi sm ade,t hent heus eof at hree-day window c ould pot entially

“underestimate th e in formation content of the disclosures” (p.185). Griffin (2003)
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examined 10-K and 10-Q filings and found a significant market response to 10-Ks
within three days after the filing date, particularly for smaller firms, firms with less
institutional ownership, on days when there is a high level of filings, and when the
filing arrives after the due date. T he response to 10-Q filings was broadly similar,
although the response was more elevated after 10-K filings; they also found that the
window of the significant response was within two days for 10-Qs, compared to three
days for 10-Ks. Whilst the Griffin study did not examine 8-Ks, we believe the market
responses they identified strengthen our argument that 8-Ks could have an impact on
prices. 8-Ks (current material event reports) are much timelier than 10-Ks (annual
reports) and 10-Qs (quarterly reports), so it is reasonable to assume that they could
also have an impact on market response. Also, the Griffin study was published before
the 2004 r ule c hanges, when 8 -Ks w ere ev en |l ess timely than they are nowadays.
Having reviewed the literature, we eventually decided to use a three-day window as
we wanted to eliminate the likelihood of confounding events which could occur in a
longer window and be cause a three-day window is consistent with several research

studies (e.g. Ball and K othari 1991 ; Francis et al 2002; Henry 2008).

We used this initial dataset for a number of purposes. Firstly, we used it to manually
analyse the language of 8-Ks and to develop the grammar of financial event phrases
(see Section 4.4). We also carried o ut p reliminary e xperiments w ith t his d ataset,
using C4.5, an inverted indexing system (IIS), and the most frequently-occurring five-
word compound phrases, in an attempt to classify disclosures by likely share price

response (Slattery et al 2002).

For the purposes of all our classification experiments, we used only disclosures that
had an increase or decrease in share price around the filing date (hereafter referred to
as the ‘ups’ and ‘downs’). W e also randomly selected 226 ‘downs’ out of the 256
that w ere downloaded, to ensure an even number of ‘ups’ and ‘downs’. T able 4.4
outlines the total number of newlines, words, and size of the dataused in the 7372
dataset. N ote how there were more words in the ‘up’ disclosures, which correlates
with findings by Hildebrandt and Snyder (1981), Kohut and Segars (1992), and Kroha
and Baeza-Yates (2004).
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Annret direction # Disclosures # Newlines # Words ?ti)ﬁe?; SRR
Negative (down) 226 361,262 2,576,337 19,590,795
Positive (up) 226 367,825 2,634,903 19,862,833
Total 452 729,087 5,211,240 39,453,628

Table 4.4: C haracteristics of d ataus edint he 7372 da taset ( number of

newlines, words, and size).

4.3.2 The First S&P500 Dataset

As our initial dataset only related to specific types of companies (see Section 4.3.1),
we wanted to obtain a new listing of 8-Ks for different types of companies and their
corresponding cl osing p rices. W e co ntacted s everal co mpanies r equesting d ata,
including S ageworks, T homson R euters, C ompustat, PR ne wswire, and CRSP, but
none were able to provide the data we needed, within our budget. We also considered
using online systems such as EDGAR Access which enables users to track up to 25
companies on a pe rsonalised w atch I ist; h owever, u nlimited acces s i ncurs a f ee.
Whilst some of these systems were affordable, they imposed limitations regarding the
number of filings that could be accessed each month and others could not provide the
data in the format we needed. W e had access to some intraday data via Thomson
Reuters’ Datastream, but not to closing prices that could be easily correlated with the
filing dates in E DGAR indices. F or t hose r easons, w e de cided t o c reate t wo ne w

datasets, the first of which will be discussed in the remainder of this section.

As mentioned previously, we randomly chose 50 companies from the S&P 500 index
for our two new datasets. T his index includes 500 leading companies, all of which
are chosen by an S &P Index C ommittee for their market size, liquidity, and s ector
representation, amongst other characteristics. A1l US common equities listed on the
NYSE and NASDAQ are eligible for inclusion in the index. This index represents a
cross-section of U S industry and is considered aleading indicator of US e quities

(S&P 2012). The initial random listing of companies is presented in Table 4.5.
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Ticker
AES
AFL
ALTR
AMAT
BA
BEN
BHI
CAH
COG
CVX
DE
DF
DGX
DHI
DUK
EMN
EQR
ESRX
GE
HAL
HBAN
HSP
IRM
KFT
KLAC
LNC
MFE
MMM
MOLX
MRO
MS
NKE
NRG
NVDA
OKE
PBI
PG
PLL
PWR
PXD

RL
SIAL
SLE
STJ
SUN
TSS
TWC

Company name

AES Corporation
AFLAC Inc.

Altera Corp.

Applied Materials
Boeing Company
Franklin Resources
Baker Hughes
Cardinal Health Inc.
Cabot Oil & Gas
Chevron Corp.

Deere & Co.

Dean Foods

Quest Diagnostics

D. R. Horton

Duke Energy

Eastman Chemical
Equity Residential
Express Scripts
General Electric
Halliburton Co.
Huntington Bancshares
Hospira Inc.

Iron Mountain Incorporated
Kraft Foods Inc-A
KLA-Tencor Corp.
Lincoln National
McAfee

3M Company

Molex Inc.

Marathon Oil Corp.
Morgan Stanley

NIKE Inc.

NRG Energy

Nvidia Corporation
ONEOK
Pitney-Bowes

Procter & Gamble

Pall Corp.

Quanta Services Inc.
Pioneer Natural Resources
Ryder System

Red Hat Inc.

Polo Ralph Lauren Corp.
Sigma-Aldrich

Sara Lee Corp.

St Jude Medical
Sunoco Inc.

Total System Services
Time Warner Cable Inc.

CIK code

70000874761
10000004977
10000768251
'0000006951
10000012927
0000038777
'0000808362
10000721371
10000858470
0000093410
'0000315189
10000931336
10001022079
'0000882184
10001326160
10000915389
10000906107
10000885721
10000040545
10000045012
10000049196
10001274057
10001020569
0001103982
10000319201
10000059558
'0000890801
10000066740
10000067472
0000101778
10000895421
10000320187
10001013871
10001045810
10001039684
'0000078814
'0000080424
0000075829
10001050915
10001038357
0000085961
0001087423
0001037038
'0000090185
10000023666
10000203077
10000095304
10000721683
0001377013

Type of industry
Utilities

Financials

Information Technology
Information Technology
Industrials

Financials

Energy

Health Care

Energy

Energy

Industrials

Consumer Staples
Health Care

Consumer Discretionary
Utilities

Materials

Financials

Health Care

Industrials

Energy

Financials

Health Care

Industrials

Consumer Staples
Information T echnology
Financials

Information Technology
Industrials

Information Technology
Energy

Financials

Consumer Discretionary
Utilities

Information Technology
Utilities

Industrials

Consumer Staples
Industrials

Industrials

Energy

Industrials

Information Technology
Consumer Discretionary
Materials

Consumer Staples
Health Care

Energy

Information Technology
Consumer Discretionary

Table 4.5: Initial random listing of our 50 S&P 500 companies.
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We c hose t he pe riod 1997 -2000 for t wo main r easons. F irstly, by M ay 1996 all
public dom estic ¢ ompanies w ere r equired t o f ile t heir di sclosures on E DGAR.
Secondly, this period was before the events of September 11 2001 and the SEC rule
changes w hich s tarted t o c ome into e ffect in 2 004. O ne of the obj ectives of this
project was to compare this four-year period with the 2005-2008 period, to see if the
2004 rule changes had any impact on the predictability of closing prices when using

financial events in 8-Ks.

Whilst it was easy to access a listing of all 8-Ks filed within a specific time period
using t he E DGAR 1 ndices, t he ¢ losing pr ices ha d t o be obt ained a nother w ay.
Unfortunately, EDGAR uses CIKs to identify companies but most online financial
websites use ticker symbols, so we had to correlate these before we could link prices
to specific filings. Tetlock et al (2008) also encountered similar difficulties matching
company details to financial information. To obtain the new dataset, associate it with
the closing prices, and prepare it for analysis and classification, it was necessary to do

the following:

1. Download the indices for each quarter of each year (*.idx files). The indices we
used were sorted by form type.

2. Merge the four indices into one Excel spreadsheet.

3. Extract the 8 -Ks and eliminate all other form types (e.g. 10-Ks). U sing these
indices, it was possible to determine how many 8-Ks were filed each year. On
average, 27,401 8-Ks were filed each year between 1997 and 2000.

4. Use the current S&P 500 ticker symbol and the Edgar ‘company search’ facility
to identify the relevant CIK for each of the randomly-chosen companies.

5. UseaC IK filter in Excel to locate the 8 -Ks for the 50 c ompanies. In several
cases, the company name and/ or ticker symbol had changed since the filing was
made, o ftentimes due to mergers and acquisitions. B y using the CIK, which is
unique to every filer or company, we ensured that the same core filer or company
was being used. Even ininstances where the current company name w as s till
identical to the original company name, we used the CIK to search for 8-Ks rather

than the name, to be consistent.
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6.

10.
11.

Append the start of the EDGAR URL to the partial filename provided in the form
indices ( e.g. append http://www.sec.gov/Archives/ toed gar/data/38777/
0000038777-99-000462.txt).

Run a program which used the ticker symbol and EDGAR filing date to locate the

closing prices for days t-1, t, and t+1, on http://finance.yahoo.com. We populated

a comma-delimited s preadsheet with these prices (.csv file). W e encountered a
number of issues at this stage. Firstly, the prices program could not deal with
filings made during Bank Holiday/ Public Holiday weekends, although it could
deal with filings on Saturdays and Sundays of normal weeks. It returned prices of
‘0’ for the former so we had to remove these 8 -Ks from the dataset. We also
discovered that no prices were available for two of the companies listed in Table
4.5. The first prices issue arose with Dean Foods (DF) which had previously been
acquired by Suiza Foods (SZA) but kept the Dean Foods name. It also continued
to use the DF ticker symbol after the acquisition. When we searched for historical
price data for DF, we could not find data for the filing date in question. When we
searched for SZA (the company that acquired DF), no prices were found for any
dates, so we had to find a new company to replace it. W ith regards the second
company, no prices were available prior to 2003 for NRG Energy (NRG) so we
could not us et hat c ompany either. T he t wo companies t hat w ere r andomly
chosen to replace DF and NRG were CMS Energy Group (CMS) and O ’Reilly
Automotive (ORLY).

Calculate the annret using the formula ((Pt+1)/(Pt-1))-1, where P stands for the
closing share price.

Sort 8-Ks by annret. The annret ranged from -0.49 to +0.17 for the revised listing
of companies, which had 344 ‘downs’, 102 ‘no changes’, and 357 ‘ups’ between
1997 and 2000.**

Download the “ups’ and ‘downs’ only.

Filter out disclosures greater than 50kb i n size. When we examined the 7372

dataset on a previous occasion, we found that 65% of the ‘downs’ and 58% of the
‘ups’ were less than or equal to 50kb 1 n size, e quating to an a verage of 62%.

Also, as mentioned previously, Keane (2010) stated that the average submission

** These figures refer to the final listing of S&P 500 companies discussed in the next section. We had
to revise the listing of companies as some companies did not have data for both time periods.
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on E DGAR is 115kb i n size but t his figure i ncludes a ll t ypes of di sclosures
including 10-Ks. T hese latter doc uments, w hich are also known as the annual
reports, are almost always very lengthy. 8-Ks, on the other hand, are supposed to
bring recent material events to the attention of investors and the majority of them
redirect t he r eader t o ot her s ources of de tailed i nformation s uch a s f inancial
statements, press releases, and 10-Ks. We believe that 8-Ks greater than 50kb in
size introduce significant noise into the event recognition process, as they include
references to previous e vents and other relatively immaterial events. S ee Table
4.6 for a breakdown of ‘ups’ and ‘downs’ which were less than or equal to 50kb
and for which valid prices were available, in the first S&P dataset. The 548 (256
and 292) di sclosures ¢ omprised 78% of all the ‘downs’ and ‘ups’ with v alid

prices, for these 50 companies.

Annret direction # Disclosures # Newlines # Words Size of dataset
(bytes)
Negative (down) 256 83,512 351,890 3,402,519
Positive (up) 292 104,216 455,730 4,255,160
Total 548 187,728 807,620 7,657,679

Table 4.6: C haracteristics of dataused in the first S &P dataset (number of

newlines, words, and size).

12. Analyse an d cl assify the 8 -Ks less than or e qual to 50kb for w hich prices are
available and which have a positive or negative change in annret around the filing
date. See Section 4.4 for a discussion of how we developed our list of financial
event phrases ( FEPs) and C hapter 5 f or a di scussion of t he FEP r ecognition

process. See Chapter 6 for a discussion of our classification experiments.

4.3.3 The Second S&P500 Dataset

As mentioned in Section 4.3.2, we wanted to compare the 1997-2000 period with the

2005-2008 pe riod,t o s ee i ft he 2004 S EC r ule ¢ hanges had any i mpactont he

predictability of closing prices when using the financial events in 8-Ks. Figure 4.1

shows a marked increase in the number of 8-Ks filed each year. If we compare the

total for 1997 (24,098) with the total for 2005 (116,282)—the year after the changes
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were ad opted—we see an almost five-fold increase in the number of filings. T his
does not ¢ ome as m uch of a s urprise, how ever, a s t he 2004 ¢ hanges r equired
companies to file more events and within a shorter timeframe (see Section 4.2 for a
discussion). It is likely that companies were particularly concerned about adhering to
the new rules and decided to err on the side of caution when disclosing events, so as
not to leave out anything that might be ‘material’. Interestingly, we should also note
as lightde clinei nf ilings a fter 2005, pos sibly causedb ya greater ove rall
understanding of the requirements of the new rules i.e. what they legally had to file

versus what they were encouraged to file.
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Figure 4.1: Total number of 8-Ks filed each year: 1997 to 2008.

When we used the procedure for obtaining the 8-Ks and the corresponding closing
prices that was outlined in Section 4.3.2, we discovered additional problems with the
companies t hat had be en randomly chosen. A part from the i ssues with SZA and
NRG, which had already been rectified by replacing them with two new companies
(see Section 4.3.2), we also discovered that no 8-Ks were found for two of the 50
companies for t he 2005 -2008 pe riod a Iso—Duke Energy (DUK) and V iacom Inc
(VIA). A closer analysis revealed that the CIKs for D UK and VIA appeared to
change sometime during the two periods due to mergers and acquisitions. During the
process of identifying the correct CIK to use for both companies, we also discovered
that 8-Ks were missing for six of the 50 c ompanies in the 1997-2000 period, so we

had to randomly choose six additional companies to replace them.
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There w as al so one further issue. O ne company—McAfee (M FE)—was removed
from the S&P 500 index in March 2011 so we had to remove that company also and

replace it w ith a new company. T able 4.7 highlights the issues that were identified

with the seven companies and the solutions adopted.

Original company
(ticker)

Issue
(1997-2000)

Issue
(2005-2008)

Solution

Duke Energy
(DUK)

No 8-Ks found —
inconsistent CIKs due to
company structural
changes

No 8-Ks found —
inconsistent CIKs due to
company structural
changes

Replaced with a new
company — Campbell
Soup Co (CPB) — in both
datasets

Time Warner
Cable Inc. (TWC)

No 8-Ks found —
inconsistent CIKs due to
company structural
changes

No 8-Ks found —
inconsistent CIKs due to
company structural
changes

Replaced with a new
company — Humana Inc.
(HUM) — in both
datasets

Viacom Inc (VIA)

No 8-Ks found —
inconsistent CIKs due to
company structural
changes

No 8-Ks found —
inconsistent CIKs due to
company structural
changes

Replaced with a new
company — Teradyne
Inc. (TER) —in both
datasets

Replaced with a new

Molex Inc No 8-Ks found - only on None company — Lockheed
(MOLX) EDGAR since 2002 Martin Corp. (LMT) — in
both datasets
Replaced with a new
Kraft Foods Inc-A | No 8-Ks found - only on None company — Hormel
(KFT) EDGAR since 2001 Foods Corp /DE/ (HRL)
— in both datasets
Replaced with a new
Hospira Inc. No 8-Ks found - only on None company — Varian
(HSP) EDGAR since 2004 Medical Systems35
(VAR) — in both datasets
Replaced with a new
McAfee (MFE) Removed from S&P 500 | Removed from S&P 500 | company — Fortune

index in March 2011

index in March 2011

Brands Inc. (FO)36 — in
both datasets

Table 4.7: Issues and solutions for the revised listing of S&P companies.

There was also an issue with one of the new companies w hich subtly changed its
name to incorporate a comma. ‘Teradyne Inc.’ changed to ‘ Teradyne, Inc.” midway
int he E DGAR indices a nd t his a ffected t he download of p ricest o our c omma

separated value (.csv) file. Once the comma was manually removed from the csv file,

35 Also known as Varian Associates Inc. /DE/ (same CIK code).
36 Also known as American Brands Inc. /DE/ (same CIK code).
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the program successfully downloaded the prices for Teradyne Inc.

When we applied the 50kb size filter to these disclosures, there were 574 ‘downs’ and
672 ‘ups’ remaining with valid prices. Itis worth noting here that our 50kb filter
gave us access to 78% of the disclosures in the 1997-2000 dataset whereas it only
gave us access to half (49%) ofthe available ‘ups’ and ‘downs’ in the 2005 -2008
dataset (see Section 4.3.2). This is indicative of the changes that came about in 2004
and in s ubsequent years, w hich required greater di sclosure of m aterial events and
probably lengthier 8-Ks as a result. T he annrets for this final dataset ranged from -
0.58 to +0.50. T able 4.8 outlines the characteristics of the data used in the second
S&P dataset.

o ) ) Size of dataset
Annret direction # Disclosures # Newlines # Words
(bytes)
Negative (down) 574 292,980 1,234,809 13,941,978
Positive (up) 672 338,401 1,447,346 16,491,343
Total 1,246 631,381 2,682,155 30,433,321

Table 4.8: Characteristics of data used in the second S&P dataset (number of

newlines, words, and size).

Our final listing of S&P companies is provided in Table 4.9, with new companies in

bold type near the end of the table.
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Ticker
AES
AFL
AMAT
BA
SLE
BEN
GE
HAL
HBAN
LNC
MMM
PLL
PBI
PG

SIAL
CvX
SUN
MRO
STJ
DE
KLAC
NKE
CAH
TSS
ALTR
BHI
CMS
COG
DHI
ESRX
MS
ORLY
EQR
EMN
IRM
DGX
RL
PXD
OKE
NVDA
PWR
RHT
CcPB
HUM
TER
LMT
HRL
VAR
FO

Company name

AES Corporation
AFLAC Inc.

Applied Materials
Boeing Company

Sara Lee Corp.
Franklin Resources
General Electric
Halliburton Co.
Huntington Bancshares
Lincoln National

3M Company

Pall Corp.
Pitney-Bowes

Procter & Gamble
Ryder System
Sigma-Aldrich
Chevron Corp.

Sunoco Inc.

Marathon Oil Corp.

St Jude Medical

Deere & Co.
KLA-Tencor Corp.
NIKE Inc.

Cardinal Health Inc.
Total System Services
Altera Corp.

Baker Hughes

CMS Energy

Cabot Oil & Gas

D. R. Horton

Express Scripts
Morgan Stanley
O'Reilly Automotive
Equity Residential
Eastman Chemical
Iron Mountain Incorporated
Quest Diagnostics

Polo Ralph Lauren Corp.
Pioneer Natural Resources
ONEOK

Nvidia Corporation
Quanta Services Inc.
Red Hat Inc.
Campbell Soup
Humana Inc.
Teradyne Inc.
Lockheed Martin Corp.
Hormel Foods Corp.
Varian Medical Systems
Fortune Brands Inc.

CIK code

’0000874761
'0000004977
"0000006951
'0000012927
’0000023666
'0000038777
'0000040545
'0000045012
'0000049196
'0000059558
'0000066740
'0000075829
'0000078814
'0000080424
'0000085961
'0000090185
'0000093410
’0000095304
’0000101778
'0000203077
'0000315189
'0000319201
'0000320187
'0000721371
'0000721683
'0000768251
'0000808362
"0000811156
'0000858470
'0000882184
'0000885721
'0000895421
'0000898173
'0000906107
'0000915389
'0001020569
'0001022079
'0001037038
'0001038357
'0001039684
'0001045810
'0001050915
'0001087423
'0000016732
'0000049071
'0000097210
'0000936468
'0000048465
'0000203527
'0000789073
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Type of industry
Utilities

Financials

Information Technology
Industrials

Consumer Staples
Financials

Industrials

Energy

Financials

Financials

Industrials

Industrials

Industrials

Consumer Staples
Industrials

Materials

Energy

Energy

Energy

Health Care

Industrials

Information Technology
Consumer Discretionary
Health Care

Information Technology
Information Technology
Energy

Utilities

Energy

Consumer Discretionary
Health Care

Financials

Consumer Discretionary
Financials

Materials

Industrials

Health Care

Consumer Discretionary
Energy

Utilities

Information Technology
Industrials

Information Technology
Consumer Staples
Health Care
Information Technology
Industrials

Consumer Staples
Health Care
Consumer Discretionary

Table 4.9: Final random listing of S&P 500 companies.



4.4 The Causal Effect of 8-K Disclosures in Various

Windows

In Section 4.3.1, w e discussed why we chose a three-day window using d ays t=£1,
where day tis the 8-K filing date. In our discussion, we referred to various studies
that used different sized windows. In this section, we examine the causal effect of 8-
Ks on pr ices, by considering t he wider p rice dynamics i n w hich 8 -Ks ar e filed.
Specifically, for all 8-Ks in the first and second S&P datasets, for which prices were
available, we ex amine the s hare price changes using three window sizes: days t=£1,
t+5, and t+100. T able 4.10 s hows the range of s hare price c hanges for the t hree

window sizes.

# Disclosures # Disclosures # Disclosures
(Range of share price | (Range of share price | (Range of share price
changes using t+1) changes using t+5) changes using t+100)
First S&P Dataset (1997- 803 803 778
2000) (-0.49 t0 0.17) (-0.68 t0 0.47) (-0.89 t0 2.07)
Second S&P Dataset 3247 3247 3226
(2005-2008) (-0.58 to 0.50) (-0.63 t0 0.71) (-0.90 to 1.39)

Table 4.10: Range of share price changes for various windows (both datasets,

available prices)

Whilst the ranges of share price changes were greater for the second dataset for two
of the three window sizes, compared to the first, we should bear in mind that there
were significantly more disclosures in the second dataset. R egardless of dataset, we
can also see that the range was greater as we moved from days t+1, to t£5, to t+100,

indicating greater overall fluctuations in the market for larger window sizes.

To further e xamine m arket r eactions, w ¢ generated hi stograms and b ox plotsto

summarise the share price changes for both datasets, for the three window sizes. As

can be seen in Appendices 2, 4, 6, 8, 10, a nd 12, the boxplots show little variation

around 0, r egardless of which window we use, although some box plots are slightly

negatively/ positively skewed. Table 4.11 summarises the price changes for 90% of

the data. For example, in the second S&P dataset, using the t£1 window, 90% of the
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data lies in the range of 0+0.07.

Majority price changes | Majority price changes Majority price changes
using t+1 using t+5 using t£100
First S&P Dataset .
0+0.10 0£0.15 0+0.60
(1997-2000)
Second S&P Dataset
0+0.07 0+0.12 0+0.50
(2005-2008)

Table 4 .11: 90% of datalies within these r anges ( both d atasets, av ailable

prices).

Whilst the histograms and box plots show that all the data is pretty much centred at 0,
we did find that the curve was wider for larger windows (compare, for example, the
width of the boxplots in Appendices 2 and 4, both of which use the same scale). This
highlights t he | arger range of p rice changes o ver t he | arger w indow, presumably

caused by various factors affecting prices, in the larger window.

We then examined some extreme outliers (identified by asterisks in the boxplots in
Appendices 2,4,6,8,1 0,and 12),toseeifwe couldidentify a link b etween the
extreme change in price for those companies and the release of 8-Ks. W e generated
time series plots for eight of these outliers, using closing prices over a twelve-month
period ( with t he 8 -K filing da te roughly i nt he m iddle). W e t ook t wo e xtreme
negative outliers and two extreme positive outliers from both datasets (1997 to 2000
and 2005 t 0 2008) and examined the 8 -K contentto seeifitcould possibly have
caused the extreme change, also bearing in mind the trends before and after the 8-K

filing.

In Appendix 13, we can see the time series for Halliburton Co, which released a filing
on 22" July 1997, according to the EDGAR indices. The filing date stated in the 8-K
is 231 July. On this occasion, the 8-K discussed an earlier offer, sale, and delivery of

‘notes’ a nd not t he t wo-for-one s tock s plit, w hich w as a ctually t he c ause of t he

*7 Price changes are rounded to two decimal places.
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extreme drop in closing price. The stock split reduced the closing price from 84.48
on 21% July to 43.66 on 22™ July. W hilst we can assume that the stock split was
discussed in an earlier 8-K, we cannot link the content of the 22™ July filing with the
change in closing price. Ignoring the stock split, the closing prices are reasonably

stable otherwise, before and after the 8-K filing date.

The second extreme outlier we examined also concerned a stock split. Appendix 14
relates to M organ S tanley D ean W itter & Co. which filed an 8§-K on 26 ey anuary
2000, according to the indices. However, the official filing date stated on the 8-K is
31 February, s everal d ays later. A two-for-one s tock s plit, w hich was previously
announced on 20™ December 1999, took place the day of the filing (26" January) and
the filing discussed the details of the stock split. Presumably, the market would have
already reacted to the impending split by the time the stock split took effect, as the
company di sclosed this event a month be fore. The stock s plit c aused t he c losing
price to be adjusted from 132.88 on 26 ™ January to 67.56 the following day. W hilst
we cannot say that the discussion of the stock split in the 8-K filed on 2 6™ January
caused investors to react in a s ignificant way, we can say that the closing price was
adjusted because of the stock split, which was discussed in this 8-K. A s mentioned
earlier, t he s tock s plit w as first announced on 20 ™ December 1999 and w e ¢ an
observe aslightrise in closing price the day after the stock s plit w as a nnounced.
However, | ooking a t t he ge neral t rend f or t his ¢ ompany, t he closing prices a re
somewhat unstable anyway, so we cannot be certain that the initial disclosure about

the stock split had any impact on price.

In Appendix 15, we can see the time series for Nike Inc, which filed an 8-K on 18 th
September 1998, a ccordingt ot heindices. T hedatestatedont he 8-Kis21 ™
September, a few days later. In the 8-K, Nike discussed declining quarter results and
workforce reductions, which were previously disclosed on 17 ™ September (the day
before the 8-K), in a s eparate press release. A s the news was first disclosed on 17"
September, w e w ould e xpect t he ne gative ne ws ( particularly t he de clining qu arter
results) to have an impact later that day, or on the days that followed. However, the
closing price started to increase on 1 7™ September (33.22) and continued to ¢ limb

until 21% September (38.45); the latter date being the date stated on the filing itself.
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There was then a decline in price to 37.96 (22“0l September). Looking at the overall
trend for this company, we can see that it is fairly stable overall and it seemed to be
recovering f rom t he fairly s ignificant de cline t hat oc curred be tween J uly a nd
September. A sthe 8-K contained ne gative news, we would not have expected the
closing price to increase in the days that followed, so we cannot infer that this §-K

had any impact on the price.

In Appendix 16, we can see the time s eries for Red Hat Inc., which filed on 16 ™
November 1999. T he date stated on t he 8-K was 17" September. In this example,
the 8-K referred to a press release, which was filed on 15™ November. In the press
release, the company announced a m erger. T he press release was incorporated into
the 8-K also. On 15™ November, the closing price was 105.37 and in the days that
followed, the price increased®. W e could infer that this increase was caused by the
merger d iscussed i nt he p ressr elease an d 8 -K; 1 ti s not pos sible, however, t o
determine which news source, if any, actually caused this price change. However, on
19™ November t he price t ook a s light di p bu t t hen s teadily i ncreased f rom 22 ™
(124.5) to 29" November (236.63). Looking at the bigger picture, the merger was
due tobe closed by27 ™ January 2000, s oitis possible thatth e in stability th at
followed (see end of November 1999 to January 2000 in Figure 4.4) was caused by

company restructuring and other uncertainties caused by the merger.

As mentioned earlier, we also examined four extreme outliers from the 2005 to 2008
dataset. A'stwo of these outliers belonged to the same company, we only generated
one time series plot (rather than two). Appendix 17 shows the time series for Lincoln
National Corp. which filed an 8-K on 10™ October 2008. T his date matches the date
stated within the 8-K. Inthe 8-K, they referred to a p ress release that was filed the
same day announcing preliminary financial results. In general, the financial results
were promising but they did announce that they were going to reduce dividends and
that they would be suspending the share repurchase agreement for the rest of the year.
The day before the filing (9th October), the closing price was at its lowest point in at

least six months (18.31) but on t he day of the filing, it increased (to 23.95) and it

3 For this company, historical prices were only available back to 11™ August 1999, so Figure 4.4 does
not cover a twelve-month period.
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continued t o r ise unt il 14 ™ October ( 30.36). W ec ould infer thatth isb rief
improvement i n pe rformance w as ¢ aused b y the ne wst hat w as s imultaneously
released in a press release and 8-K. We cannot, however, determine which source, if
any, caused the price c hange. T he general trend for this c ompany s hows t hat t he

closing prices are not particularly stable.

Lincoln National Corp also filed an 8-K on 19 ™ November 2008, a ccording to the
indices. As discussed in Section 4.2, after 2004, companies were required to file 8-Ks
in a timelier manner; in this case, the date stated on the 8-K matches the official filing
date in the indices. In the 8-K, the company discussed a conference for investors and
managers that took place that same day. In the 8-K, they elaborated on the definitions
of t he non -GAAP m easures di scussed dur ing t he ¢ onference. Looking a gaina't
Appendix 17 more closely, we can see that the closing price was in general decline
since the 19" of S eptember. T he day after the filing (20th November), the closing
price reached its lowest point in twelve months (looking at six months on either side
of the filing date). We could infer that the information provided during the investor’s
conference and inth e 8-K helped to c larify a ny ¢ oncerns a bout the ¢ ompany’s
financial position and this led to the slight improvement in performance in the two-
three m onths that followed. H owever, we cannot be c ertain that the i mprovement
was c aused by the conference or the 8 -K; itis also p ossible th at the market h ad

“bottomed-out”.

In Appendix 18, we can see the time series for O’Reilly Automotive Inc., which filed
on 16" June 2005. The date on the 8-K matches the official filing date in the indices.
In this 8-K, the company announced that it would be presenting at a ¢ growth stock
conference’ a few days later. On this occasion, the extreme change in closing price
was not c aused by the content of the 8§ -K but by an ev ent t hat w as p resumably
disclosed in an earlier 8-K—a two-for-one stock split, which caused the closing price
to be adjusted from 58.99 (15" June) to 29.78 (16" June). Apart from the stock split,

the general trend shows that the closing prices were reasonably stable.

The time series for Dr Horton Inc. is provided in Appendix 19. The index and 8-K
filing d ates match (25th November 2008). T he 8-K refers to a p ress release of the
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same day, w hich a nnounced the r esults for th e quarter. W hilst th e r esults w ere
mainly negative, they did declare that they would be issuing a dividend. This news
follows a period of steep decline during October. Whilst there was a brief increase in
price the d ay after the filing (from 6.9t 0 7.52), the price dr opped a gain until 1*
December (to 6.02). Despite various fluctuations, the overall trend after the 8-K is a
rising one. W hilst we could infer that the price increase the day after the 8-K was
filed was caused by the content of the 8-K, we believe that the news is more negative
than pos itive a nd t his ¢ hange i n price m ay i nstead ha ve be en c aused by random

fluctuations.

In a n umber o f cases, we can infer from our subjective analysis that the change in
closing price around the filing d ate w as caused by the content o fthe 8-Ks but we
cannot deduce there is a definite causal link. In the newer dataset, for example, two
of the 8-Ks were released the same day as press releases describing the same event, so
it is not possible to deduce which, if indeed any, of these sources actually caused the
price change. In some cases, the time series w ere q uite unstable an yway, soitis
possible t hat these fluctuations w ould ha ve oc curred e ven ifan 8 -K had not been
filed. The most we can conclude from our analysis is that 90% of the price changes
lie in the range of 0+0.10 (first dataset) and 0+0.07 (second d ataset) when using a
days t£1 window and that the range is larger for larger windows (days t+5 and t+100)
(see Table4.11). A s one might expect, prices fluctuate m ore frequently in I arger
windows, and often to a greater extent, as a greater number of “events” have taken
place during that time. As there was so much variation in the larger windows, it is
less likely that the price changes we observed were caused by one specific event (e.g.
the release ofan 8-K). Finally, taking the analysis of our three-day window (days
t+1) one step further, we found that almost 84 % (83.9%) of the data in the second
S&P dataset had price changes equal to or greater than 0+0.01 (or >= £1% change in
price). We maintain that a 1% (or greater) change in price within a three-day window
on either side of an 8-K filing date is worthy of examination and propose that these

changes may be caused by events discussed in the disclosures.
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4.5 Identification of Financial Event Phrases (FEPS)

We manually analysed the content of 185 di sclosures, c omprising the top 56 ‘ups’,
top 56 ‘downs’, and all 73 ‘no changes’ in the initial dataset (see Section 4.3.1). By
‘top’, we mean the disclosures with the greatest changes in annret. W e chose these
disclosures because we felt they were more likely to contain content that could impact
the share price. During the manual analysis, we identified 20 major event categories
and several key event types within those categories. S ee Table 4.12 for the initial

ontology.

Major event category Key event types

1.1 Accountant dismissal

1. Accountant dismissal and appointment 1.2 Accountant appointment

2.1 New employees/promotions/election
2.2 Potential new employees

2.3 Remain as employees

2.4 Resign/leave

2.5 Dismiss/layoff employees

2.5 Potential problems with employees

2. New/ resigned/ dismissed employee(s)

3.1 Acquisition agreement and plan of merger
3. Agreement and plan of merger 3.2 Amendment to acquisition agreement and plan
of merger

4.1 Agreement and plan of reorganization

4. Agreement and plan of reorganization 4.2 Close agreement and plan of reorganization
5. Securities purchase agreement 5.1 Securities purchase agreement
6. Stock option agreement 6.1 Stock option agreement
7. Rights plan 7.1 Rights plan
8. Indenture 8.1 Indenture
9. Acquisition of stock 9.1 Acquisition of stock
10. Sale of stock 10.1 Sale of stock
11. Purchase and sale of stock 11.1 Purchase and sale of stock
12. Private placement 12.1 Private placement
13. Issue of stock 13.1 Issue of stock
. 14.1 (Has) goodwill
14. Goodwill 14.2 ;Io gz)ﬁdwill
15. Loss 15.1 Loss
16. Claim of copyright infringement 16.1 Claim of copyright infringement
17. Counterclaim 17.1 Counterclaim
18. Granted and exception 18.1 Granted an exception
19. Change(d) state of incorporation 19.1 Change(d) state of incorporation

20.1 Could have a material adverse effect
20.2 Shall not have any/ no material adverse effect

20. Material adverse effect

Table 4.12: Initial ontology from the manual analysis of disclosures.

We then identified all the disclosures that contained keywords relating to each major
event cat egory (see T able 4.12 for the list o f ¢ ategories), using a ¢ ombination of

search and ¢ oncordancet ools. S amples earch ke ywords i ncluded dismissal,
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appointment, resign,a nd merger. U sings earcht ools, w e m anually an alysed
disclosures w hich matched the search keywords and ex tracted the k ey p hrases t hat
described the relevant events. Using concordance tools, we manually analysed all the
returned sentences that matched the search keywords and extracted the most critical
part of the sentence. T hese p hrases were edited manually to remove references to
company n ames, pr oduct na mes, a nd f inancial va lues. S ample phr ases i ncluded
consummated a private offering, reported record quarterly net income, and entered
into an agreement to acquire all of the outstanding capital stock. T his filtering
created a ‘best choices’ list of financial event phrases (FEPs) for each event (see also

Appendix 20 for a selection of FEPs for employment-related events).

We then fine-tuned several key event types. F or example, some new events w ere
identified (e.g. ‘ amended b y-laws’ and ‘ product of fering’), s ome events w ere s plit
(e.g. ‘rights plan’ was split into ‘ amended rights plan/ issue/ of fer/ a greement’ and
‘rights plan/ issue/ offer/ agreement’), and others were merged (e.g. ‘agreement and
plan of merger’ was merged w ith ‘ agreement a nd pl an of reorganization’ to form
‘acquisition agreement and plan of merger/ reorganization’). See Table 4.13 for our
final ontology of FEPs. We developed our own ontology rather than use the official
ontology devised by the SEC because the SEC’s ontology was quite limited when we
developed ours (pre 2004). Whilst we believe our ontology captures many significant
event items, there is scope for further de velopment of the ontology considering the

more recent filing requirement changes (see Table 4.3).

Key event categories Key event types

Accountant appointment

Accountant dismissals and appointments Accountant dismissal

Personnel appointments/ promotions
Personnel resigning/ departing
Potential employment problems
Potential new personnel

Remain as personnel

Layoft/ dismissal of personnel

New/ resigned/ dismissed/ remaining employee(s)
(not related to accountants)

O[O0 1 N D b WIN —

Acquisition agreement and plan of

merger/ reorganization

10 Close an agreement and plan of merger/
reorganization

11 Amended acquisition agreement and plan

of merger / reorganization

Acquisitions, mergers and reorganizations

12 Securities purchase agreement

13 Private placement of stock

14 Cancel private placement of stock
15 Public stock offering

Stock-related events
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16
17
18
19
20
21

Cancel or postpone stock offering

Stock option agreement/ plan

Stock or note conversion

Stock split

Reverse stock split

Adopt resolution to designate/ create stock

Rights plans

22
23

Rights plan/ issue/ offer/ agreement
Amended rights plan/ issue/ offer/
agreement

Income/ loss/ revenue

24
25
26
27
28

Will/ has generate(d) income

Will/ has generate(d) income decrease
Will/ has generate(d) loss

Will/ has generate(d) revenue decrease
Will/ has generate(d) revenue

Dividend distributions

29

Dividend distribution

Purchase agreements

30
31

Purchase agreement
Amended purchase agreement

Goodwill-related events

32

33

Allocation/ writeoff/ amortization of
goodwill
No goodwill

Indentures

34

Indenture

Adoptions of standards or strategies

35
36

Has/ will adopt financial standard(s)
Adopt strategy/ plan

Listing-related events

37

38

39

Meets/ expects to meet listing
requirements

Has not/ might not meet listing
requirements

Granted an exception

Amendments to reports and laws

40

Has/is/will amend general agreement/
report/ document/ information/ by-laws

Other events

41
42
43
44
45
46
47
48

49

Alleged copyright infringement
Breach

Filed a counterclaim

Owes or paid compensation
Change state of incorporation
Relocation

Product offering

Could/ would/ can/ expect material
adverse effect

Could/ would/ cannot expect material
adverse effect

Table 4.1 3: Final ont ology of financial e vent phrases ( FEPs)usedinthe

grammar.

We decided to develop our own grammar of financial event phrases, rather than use

phrases identified in other studies, because the other studies used online news stories

or messages, not disclosures (see, for example, Wiithrich et al 1998, Cho et al 1999,
Thomas and S ycara 200 0, Das and C hen 2001, Peramunetilleke and W ong 2002 ,
Thomas 2003, Seo et al 2004, van Bunningen 2004, Schumaker and Chen 2006 and

Mittermayer a nd K nolmayer 2006a in C hapter 3). The language in disclosures is

quite different to the language used in news headlines, stories and discussion board




postings (see Section 2.3 for a discussion of the language used in financial reports and
news). W e also decided to identify phrases for as many event types as pos sible,
rather t han focus on specific ev ents, t o av oid w hat Fama ( 1998) referred t o as

“dredging for an omalies” (p.287). S ee S ection 5.3 f or an analysis of how m any

events were identified in the datasets by our prototype recogniser.

Whilst we were generating the FEP lists, we also generated a list of named entities
(NEs). Inthe M essage U nderstanding C onferences ( MUC), n amed en tities w ere
defined as “proper names and quantities of interest. Person, organization, and location
names w ere m arked as well as d ates, t imes, p ercentages, a nd m onetary a mounts"
(Chinchor 1998, n.p.). W e identified N Es such as accountant names (e.g. KPMG
Peat Marwick LLP and Price Waterhouse LLP) and types of employee (e.g. Senior
Vice President, Strategy, Finance and Administration and Chairman of the Board of
Directors). W ea lIsod eveloped alistof t ypesof financial obj ect (TFO)—for
example, we identified 84 different types of loss (e.g. loss before provision for in-
come tax and unrealized loss on investments), 193 types of stock, right or option (e.g.
redeemable convertible preferred shares and preferred stock) and 72 t ypes of stock
option agreement or plan (e.g. stock option agreement and supplemental stock plan).
The prototype FEP recogniser (see Section 5.2) used the NEs and TFOs to ensure that
as many possible variations of a financial event would be recognised and that where
FEPs could not be recognised in an 8-K, at least NEs and/ or TFOs would be written
to the output, to facilitate classification later on. See Appendix 21 for our list of FEP

types, NEs, and TFOs.

Finally, we also generated a list of the most frequently-occurring keywords. We then
fine-tuned this list by removing “useless” stop words and other words to create a list
of 1,568 interesting keywords. W hilst not all these words were of a financial nature,
they all appeared frequently in our 8-Ks (see Appendix 22). These words were used
as additional features in the classification ex periments described in Chapter 6. We
did not use the keywords identified by Loughran and McDonald (2011b) as they had
not been published at the time of our experiments. W hilst their keywords related to
10-Ks, we believe there could be significant cross-over in language; for that reason,

we propose that their keywords be used with ours, in future research (Section 7.4).
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4.6 Summary

In this chapter, we presented the rationale for choosing 8-K disclosures as the focus
of our study. We examined the format of 8-Ks and other relevant regulations, such as
filing d eadlines. We also d escribed t he d atasets w e u sed i n o ur r esearch an d
discussed the wider price dynamics in which our 8-Ks were filed. We found that the
majority of 8-Ks (83.9%) in the second S &P 500 dataset had price changes greater
than or equal to 1%, within a three-day window around the filing date, and proposed
that s ome o f't hese p rice ch anges m ay have b een c aused b y t he financial ev ents
described in the 8-Ks. We discussed how we identified the financial e vent phrases
(FEPs) that were subsequently used to recognise FEPs in 8-Ks. In the next chapter,
we w ill di scuss ho w w e de veloped our prototype FEP recogniser. W e will also

discuss the findings from our automatic pattern analysis of recognised FEPs.
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Chapter 5. Automatic Analysis of Financial

Events in 8-K Disclosures

5.1 Outline

Int he p revious ¢ hapter, w e pr esented our rationale f or ¢ hoosing Form 8 -K
disclosures. W e examinedt he f ormat o f8 -Ks a nd s ummarised ot her r elevant
regulations, such as filing deadlines. We also described the datasets we used in our
research and discussed the wider price d ynamics in which our 8-Ks were filed. We
then di scussed how w e i dentified t he f inancial e vent pha ses ( FEPs) t hat w ere

subsequently used to recognise FEPs in 8-Ks.

In t his c hapter, w e di scuss t he de velopment of t he pr ototype F EP r ecogniser. In
Section 5.2 we present a brief overview the techniques we used to recognise FEPs. In
Section 5.3, we present an overview of the features of the recognised output in both
datasets, using automatic pattern analysis techniques. We also examine both datasets
together, with a view to identifying pos sible trends or patterns in the ‘downs’ and

‘ups’. Finally, in Section 5.4, we provide a summary of the chapter.

5.2 Recognition of FEPs in Form 8-Ks

In Section 5.2.1, we discuss how we developed our FEP recogniser using a simple
and well proven technique based on a cascade of non-deterministic top down parsers,
implemented a s Definite C lause Grammars, a nd w ritten in P rolog ( Pereira an d
Warren 1980). By non-deterministic we mean the recogniser makes arbitrary choices
of which FEP grammar rules to use and then revises those choices later. By top down
we mean the recogniser works from the root down to sentence level, using the FEP
rules in the recogniser. In Section 5.2.2, w e o utline s ome issues w e e ncountered

when developing the recogniser.

139



5.2.1 Development of the FEP Recogniser

As discussed in Section 4.4, we developed a list of FEPs, named entities (NEs), and
types o f financial object (TFOs), all of which were used together to ensure that as
many pos sible variations of an e vent would be recognised and that w here an F EP
could not be recognised, at least a NE and/ or TFO would be written to the output file.
We will now outline how the F EPs, NEs,and T FOs are r ecognised. Figure 5.1

outlines all the tasks that need to be carried out to recognise them and this is followed

by a textual description of the process.

1. Read in 8-K 2. Recognise 3. Convert to
sentences | lowercase

Y
y

v

4. Tokenise 5. Recognise FEPs, _| 6. Recognise presence of
NEs, and TFOs keywords

Figure 5.1: The FEP, NE, and TFO recognition process.

The full 8-K text is read in as a single string.
The 8-K string is split into a list of sentences.

Each sentence string is converted to lowercase.

e

Each lowercase sentence string is tokenised. Full-stops within words are retained.

Each tokenised sentence is now a list of atoms.

5. The FEPs, N Es, and T FOs w ithin e ach t okenised s entence are recognised and
written to an output file.

6. The full text of the 8-K is compared to a list of 1,568 hand-chosen keywords, to

identify which keywords exist. These are also written to an output file.
Once t he FEPs, N Es, TFOs, and ke ywords have b een recognised, the out putis

prepared for C4.5 or SVM-Light classification. See Sections 6.2.1 and 6.3.1 for an

overview of both algorithms and the data formats required.
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5.2.2 Issues with the FEP Recogniser

As mentioned previously, we encountered a number of issues when de veloping the
recogniser. The first issue related to the financial event phrases. It was difficult at
times to interpret the meaning of a phrase and to determine if a p hrase was one type
of event or another. The stock-related events, in particular, were difficult to interpret
at times (see Table 4.11 for a listing). We are not yet convinced that this is the ideal
categorisation of stock-related events and recommend that further work is carried out
in this area ( see C hapter 7). O ther r esearchers w ho hi ghlighted s imilar ki nds of
difficulties when trying to interpret the meaning of financial text include Hildebrandt
and Snyder (1981), who discussed the importance of context; Thomas (1997), who
studied ¢ ondensations a nd ¢ ontractions; a nd Gillam e tal(2002), w ho di scussed
problems with negation, double-negation and ambiguous terms (see Section 2.3 for a

discussion).

Another related issue was that the lists of FEP phrases, named entities, and types of
financial o bject w ere in itially c ompiled u sing 8 -Ks filed be tween 1994 and 1998.

These 8 -Ks referred t o ev ents that w ere, at the time, considered to b e o f m aterial
interest to investors, so it is possible that the content bore a close relationship with the
subsequent share prices changes around the filing dates. H owever, the second S &P
500 dataset referred to 8-Ks filed after the 2004 SEC rule changes, which required
companies to file many more t ypes of events. Itis possible thatthe ne wer 8 -Ks
contain e vents t hat ¢ annot be 1 dentified b y o ur r ecogniser. N onetheless, w hen
identifying the phrases for the recogniser, we did not focus on t he nine items that
were initially required (see Table 4.1); instead, we searched for all types of events
that we believed were o finterest to investors and w e identified interesting p hrases
accordingly. E ven be fore t he 2004 r ule changes, filers w ere s upposedt o file
‘material events’, so we believe that our recogniser may not be as restrictive as one

might initially assume.

As mentioned in Section 4.3.2, we decided only to parse 8-Ks that were less than or
equal to 50kb i n size, as an initial analysis of the initial dataset r evealed t hat, on
average, 62% of the ‘ups’ and ‘downs’ were less than or equal to 50kb in size. We

also felt that larger 8-Ks would be too noisy. However, in the first and second S&P
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500 da tasets, t his filtering of di sclosures r educed our da tasets by 22% and 51%
respectively. In ar eal-world implementation, it would be better to extract the most

significant sections first and then search for items in the remaining content.

Once the recognition process was complete, we had to perform some post-processing,
to f ormat t he out putin a m anner t hat w ould be s uitable for p erforming p attern
analysis ( see S ection 5.3) and f or cl assifying t he | ikely s hare p rice response of

disclosures based on their FEPs (see Chapter 6).

5.3 Automatic Pattern Analysis of FEPs

We carried out a p reliminary analysis of FEPs found by the recogniser, to see if we
could identify any interesting patterns about events in 8-Ks (see Sections 5.3.1 and
5.3.2), prior to carrying out the classification experiments (Chapter 6). We also used

these analysis findings to indirectly examine the performance of the recogniser.

5.3.1 Pattern Analysis of FEPs in the First S&P 500 Dataset

As outlined in Chapter 4, the first S&P 500 dataset relates to 1997 to 2000, which was
before the SEC rule changes which required companies to file more events, came into

effect. This dataset had 807,620 words and was 7.7MB in size (see Table 4.6).

We first d etermined th e to tal n umber o f F EPs recognised in all files, in cluding
duplicate FEPs (i.e. where the same event was mentioned more than once in the same
8-K). Table 5.1 shows the total number of FEPs recognised in all files, the average
number of FEPs recognised per file and the minimum and maximum number of FEPs
recognised in any one file. T he recogniser identified 274 F EPs in the ‘downs’ and
260 FEPs in the “ups’, including duplicates. Note how more FEPs were recognised in
the ‘downs’, even though there were less ‘down’ 8-Ks. On average, there was only 1
FEP recognised per file (rounded to the one decimal place), although this varied from

0 to 28 FEPs (‘downs’) and from 0 to 18 (‘ups’).
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1997-2000 ‘downs’ 1997-2000 ‘ups’
(256 8-Ks) (292 8-Ks)
Tota}l nur_nber o_f FEPs f_ound in 274 260
all files, including duplicates
ﬁ;/eerage number of FEPs per 11 0.9
Minimum and maximum number
of FEPs found in any one file 0-28 0-18

Table 5.1: Total, average, and range o f F EPs recognised in all ‘downs’ and

‘ups’, including duplicates (first S&P 500 dataset).

We then de termined t he num ber of disclosures for which 0, 1,2,3... FEPswere
identified by the recogniser (see Table 5.2). The relatively high number of instances
of disclosures which had 0 recognised FEP types (coincidentally 69.1% and 69.2%
for the ‘downs’ and ‘ups’ respectively) highlights h ow difficultitc an be write a
definitive g rammar, p articularly for th e f inancial d omain w hich h as very little

regulation in terms of writing style. As discussed in Chapter 2, the language used in
financial reports and articles can vary greatly depending on the author, purpose, and
topic being discussed (e.g. good or bad news). D espite the fact that our recogniser
comprises over 2,000 FEP phrases, it succeeded in identifying FEPs in only 31% of
the ‘downs’ and 31% of the ‘ups’. For these remaining 8-Ks (i.e. 79 ‘downs’ and 90
‘ups’), we examined the number of FEPs that were recognised in each 8-K. Table 5.2

also shows the total number of FEPs recognised for the remaining ‘downs’ and ‘ups’,

including duplicate FEPs.

# FEPs identified | # Downs # Ups Total # disclosures
(incl. duplicates) (256 8-Ks) (292 8-Ks) (548 8-Ks)
0 177 (69.1%) 202 (69.2%) 379 (69.2%)
1 41 (16.0%) 39 (13.4%) 80 (14.6%)
2 8 (3.1%) 20 (6.8%) 28 (5.1%)
3 4 (1.6%) 79 30.9%) | G1%) 90 (30.8%) 13 (2:4%)
4 5 (2.0%) [ 7 (2.4%) ( 12 (2.2%)
5 5(2.0%) 1(0.3%) 6 (1.1%)
6+ 16 (6.3%) 14(4.8%) 30 (5.5%)

Table 5.2: Number of ‘downs’ and ‘ups’ which had 0 or more FEP types (first
S&P 500 dataset).
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As Table 5.2 s hows the number of FEPs recognised, including duplicates, we also
determined how many different FEP types were identified by the recogniser. T able
5.3 shows that 18 of the 49 F EP types were identified in the 79 ‘downs’ and there
were 110 uni que occurrences across those 79 ‘downs’, when duplicate F EPs within
individual 8 -Ks w ere r emoved. Inthe 90 ‘ups’, 19 of the49 F EP t ypes w ere
identified a nd t here w ere 119 uni que oc currences w hen dupl icate F EPs w ithin
individual 8-Ks were removed. Appendix 23 lists the different FEP types that were

recognised for this dataset.

Downs Ups
(256 8-Ks) (292 8-Ks)
. 18/49 19/49
# Different FEP types found (36.7%) (38.8%)
# Unique occurrences
(no duplicates within 8-Ks) 1o H9

Table 5.3: Number of different FEP types recognised and number of unique

occurrences in ‘downs’ and ‘ups’ (first S&P 500 dataset).

Arecentstudy by Lerman and Livnat (2009) found that 78% ofthe 8-Ks in their
dataset were single-event filings. When we only considered the 8-Ks for which FEPs
were recognised (see T able 5.2), and uni que oc currences of F EPs (Table 5.3), we
found that 72.8% ofthe 8-Ks were single-event filings (see the second row, fourth
columnin T able 5.4 ). H owever, w e m ust r emember t hat ou r r ecogniser onl y
succeeded in finding FEPs in 30.9% of the ‘downs’ and 30.8% of the “ups’ (see Table
5.2), so this figure could go either way with a more efficient recogniser. In reality,

we would expect to find at least one FEP type in each 8-K.

# Unique FEPs Downs Ups Downs and Ups
identified (120 unique FEP (119 unique FEP (229 unique FEP
(no duplicates) occurrences) occurrences) occurrences)
1 59 (74.7%) 64 (71.1%) 123 (72.8%)
2 12 (15.2%) 23 (25.6%) 35 (20.7%)
3 5(6.3%) 3 (3.3%) 8 (4.7%)
4 3 (3.8%) 0 (0%) 3 (1.8%)
Total # 8-Ks 79 90 169

Table 5.4: Number of ‘downs’ and ‘ups’ with unique FEPs in ‘downs’ and

‘ups’, no duplicates (first S&P 500 dataset).
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Looking at Table 5.4 more closely, we can see that 74.7% of the ‘downs’ that had one
or m ore r ecognised F EPs, had one unique F EP and 15.2% had t wo uni que F EPs.
With regards the ‘ups’ that had one or more recognised FEPs, 71.1% had one unique
FEP and 25.6% had two unique FEPs. N ote also how many more ‘ups’ had two
unique recognised FEPs, when compared to the ‘downs’ (25.6% vs. 15.2%).

5.3.2 Pattern Analysis of FEPs in the Second S&P 500 Dataset

The second S &P 500 da taset relates to the period from 2005-2008. A s outlined in
Table 4.8, t he d ataset c omprised 2,682,155 m illion words and 30M B of data. W e
first determined the total number of FEPs recognised in all files, including duplicate
FEPs (i.e. where the same event was mentioned one or more times). Table 5.5 shows
the total number of FEPs recognised in all files, the average number of FEPs found
per file and the minimum and maximum number of FEPs recognised in any one file.
The r ecogniser 1 dentified 258 F EPsinthe ‘downs’ and 297 FEPsinthe ‘ups’,

including duplicates.

Looking at Table 5.5, w e note how there were more F EPs recognised in the ‘ups’,
when compared to the ‘downs’ (297 vs. 258), which may be partly due to the fact that
there were more up 8-Ks. On average, 0.4 FEPs were recognised per file (rounded to

one decimal place), although this varied from 0 to 19 F EPs (‘downs’) and 0 to 11

(‘ups’).

2005-2008 downs 2005-2008 ups

(574 8-Ks) (672 8-Ks)

Total number of FEPS
recognised in all files, including 258 297
duplicates
ﬁ;/eerage number of FEPs per 0.4 0.4
Minimum and maximum number
of FEPs recognised in any one 0-19 0-11
file

Table 5.5: Total, average, and range o f F EPs recognised in all ‘downs’ and

‘ups’, including duplicates (second S&P 500 dataset).

We then d etermined t he num ber of disclosures for which 0, 1,2, 3... FEPswere

identified by the recogniser (see Table 5.6). The relatively high number of instances
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of di sclosures w hich had O F EP t ypes hi ghlights how di fficultitcan be write a
definitive f inancial grammar; f or t his da taset, our r ecogniser onl y s ucceeded i n
identifying FEPsin 20 .4% of t he ‘downs’ and 24.3% o ft he ‘ups’. F ort hese
remaining 8-Ks (117 ‘downs’ and 163 ‘ups’), we also looked at the number of FEPs

that were recognised. Table 5.6 also shows the total number of FEPs recognised for

the remaining ‘downs’ and ‘ups’, including duplicate FEPs.

# FEPs identified # Downs # Ups Total # disclosures

(incl. duplicates) (574 8-Ks) (672 8-Ks) (1246 8-Ks)

0 457 (79.6%) 509 (75.7%) 966 (77.5%)

1 67 (11.7%) \ 93 (13.8%) 160 (12.8%)

2 26 (4.5%) 40 (6.0%) 66 (5.3%)

3 9 (1.6%) 18 (2.7%) 27 (2.2%)

117 163

4 3 (0.5%) 5(0.7%) ( 8 (0.6%)
(20.4%) (24.3%)

5 3 (0.5%) 3 (0.4%) 6 (0.5%)

6+ 9 (1.6%) ) 4 (0.6%) ) 13 (1.0%)

Table 5.6 : Number of ‘downs’ and ‘ups’ which had 0 or more F EP types
(second S&P 500 dataset).

As Table 5.6 shows the number of FEPs recognised, including duplicates, we also had
to determine how many different FEPs types were identified by the recogniser. Table
5.7 shows that 16 of the 49 FEPs types were identified in the 117 ‘downs’ and there
were 134 uni que oc currences w hen dupl icate FEPs w ithin i ndividual 8 -Ks we re
removed. Inthe 163 “ups’, 17 of the 49 FEP types were identified and there were 188
unique oc currences w hen dupl icate FEPs w ithin 1 ndividual 8 -Ks were r emoved.

Appendix 24 lists the different FEP types that were recognised for this dataset.

Downs Ups
(117 8-Ks) (163 8-Ks)
i i 16/49 17/49
# Different FEP types recognised (32.7%) Grom
# Unique occurrences
(no duplicates within 8-Ks) 134 188

Table 5.7: Number of different FEP types recognised and number of unique

occurrences in ‘downs’ and ‘ups’ (second S&P 500 dataset).
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As mentioned in S ection 5.3.1, w hen w e di scussed the first S &P 500 dataset, we
found that 72.8% of the 8 -Ks, for which F EPs were recognised, w ere s ingle-event
filings. In the second dataset, when we only considered 8-Ks for which FEPs were
recognised (see T able 5.7), and unique o ccurrences of FEPs (Table 5.8), we found
that 87.1% of the 8-Ks were single-event filings (see the second row, fourth column
in Table 5.8). However, as mentioned previously, it is possible that this figure could
be increased or decreased with a m ore e fficient recogniser; in an ideal situation, we

would find at least one FEP type in each 8-K.

Looking at Table 5.8 more closely, we can see that 90% of the ‘downs’ that had one
or more recognised F EP, had one unique FEP and 10% had two recognised F EPs.
Similarly, 85.3% of the ‘ups’ that had one or more recognised FEP, had one unique

FEP and 14.1% had two recognised FEPs.

# Unique FEPs Downs Ups Downs and Ups
identified (134 unique FEP (188 unique FEP (322 unique FEP
(no duplicates) occurrences) occurrences) occurrences)
1 105 (90.0%) 139 (85.3%) 244 (87.1%)
2 7 (10.0%) 23 (14.1%) 30 (10.7%)
3 5(0.0%) 1(0.6%) 6 (2.1%)
Total # 8-Ks 117 163 280

Table 5.8: Number of ‘downs’ and ‘ups’ with unique FEPs in ‘downs’ and

‘ups’, no duplicates (second S&P 500 dataset).

5.3.3 Discussion of FEP Patterns in Both Datasets

In this section, we examine both datasets together, with a view to identifying possible
trends or p atterns inthe ‘downs’ and ‘ups’. For example, for both datasets, we
examine the total number of words, the total number of duplicate FEPs recognised,
the different FEP types recognised, and the occurrences of each FEP type, in ‘downs’
and ‘ups’. W e also e xamine t he most f requently-occurring FEP t ypes, w ithout
duplicates, and the F EP types that oc curred together in ‘downs’ and ‘ups’, in both

datasets.
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With regards the number of words, there were 807,620 words in the first S&P 500
dataset and 2,682,155 words in the second, which represents a significant increase in
words (see Tables 4.6 and 4.8 respectively in Chapter 4). We would expect there to
be more words in the l atter dataset, as there w ere more than twice as many 8-Ks
(1,246 vs. 548). We would also expect there to be more words because companies
are now required to file more types of events in their 8-Ks, so it is likely that they will
be lengthier. Also of interest is the word count difference between ‘downs’ and ‘ups’,

in both datasets (see Table 5.9).

If we compare the number of words in ‘downs’ vs. ‘ups’ in the first S&P 500 dataset
(1997-2000 period), we find that there were proportionately more words in the “ups’
compared t o t he dow ns (455,730 vs . 351,890 words; 292 vs . 256 8 -Ks). Ifwe
perform the same comparison in the second S&P 500 dataset (2005-2008 period), we
find t hat t here were proportionately t he same number of words inthe ‘ups’ and
‘downs’ (1,447,346 vs. 1,234,809 w ords; 672 vs. 574 8 -Ks). T his suggests that our
‘ups’ contained more verbose language than the ‘downs’ before the 2004 rule changes

but that the ‘ups’ and ‘downs’ were fairly similar (word-count wise) after 2004.

1997-2000 2005-2008 1997-2000 2005-2008
downs downs ups ups

# of words 351,890 1,234,809 455,730 1,447,346
# of 8-Ks 256 574 292 672

Table 5.9: Number of words in ‘downs’ and “ups’ (both datasets).

Also, assuming there is a correlation between the 8-K content and annret (see Chapter
1 for a list of our assumptions), this finding for the first S&P dataset would appear to
correlate with the Kohut and Segars (1992) finding that hi gh-performing firms use
more verbose language than poor-performing firms (see Section 2.3 for a discussion).
On a related note, the same two researchers later found that the readability of reports
filed by good performing firms was better than those filed by poor-performing firms;
they found that the former tended to use strong, clear and concise language whereas
the latter tended to use more jargon and modifiers (Segars and Kohut 2001, also in
Section 2.3). T his would appear to contradict their earlier finding, as verbose is the

opposite of concise, but we must remember that an unr eadable document doe s not

148




necessarily have to be a lengthy one; it can also be a short one that uses a lot of jargon
and modifiers. O n arelated note, Li (2008) found that the annual reports of poor-
performing f irms te nd to b e le ss r eadable a nd th at f irms w ith more r eadable
documents tend to have more persistent positive earnings. Finally, Hildebrandt and
Snyder (1981) applied the 'Pollyanna Hypothesis' to the writing of annual reports and
found t hat t here w ere s ignificantly m ore pos itive w ords t han ne utral or ne gative
words, regardless of whether it was a financially good- or bad-year, suggesting that
there is a general preference for using positive words in disclosures (see Section 2.3
for a discussion). O nce again, assuming there is a correlation between content and
annret, t hen t his c ould explain why the ‘ups’ contained m ore w ords be fore 2004.
Finally, it s eems clear th at th e report writing style c hanged s ometimei nt he
intervening pe riod; e ither t he ‘ups’ became m ore co ncise t han p reviously o r t he

‘downs’ became more verbose.

We now turn our attention to an examination of the output from the FEP recogniser,
for both datasets. W hilst we initially assumed that we would recognise significantly
more FEPs in the second S &P 500 da taset, compared to the first S&P 500 dataset,
this was not the case. We assumed this because companies were legally required to
file m ore t ypes o f ev ents, an d m ore f requently, pos t 2004 ( see C hapter 2 f or a
discussion). T able 5.1 0 ¢ ompares t he num ber of FEPs, i ncluding duplicates,

recognised in both periods, for ‘downs’ and ‘ups’.

1997-2000 2005-2008 1997-2000 2005-2008
downs downs ups ups
(256 8-Ks) (574 8-Ks) (292 8-Ks) (672 8-Ks)
Total # of FEPs found in
all files, including 274 258 260 297
duplicates
Average # of FEPs per file
1.1 0.4 0.9 0.4
Min. and max. # of FEPs
found in any one file 0-28 0-19 0-18 0-11

Table 5.10: Total, average, and range of FEPs recognised in all ‘downs’ and

‘ups’, including duplicates (both datasets).
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AswecanseeinTable5.10,t here w ere 274 dupl icate F EPs recognised int he
‘downs’ in the first dataset, and 258 recognised in the ‘downs’ in the second dataset,
even though there were more than twice as many ‘down’ disclosures in the second
(574 vs .256) . H owever, a sw e know t hatt her ecogniser onl y s ucceeded i n
identifying FEPs in 20.4% of ‘downs’ in the second dataset, compared with 30.9% in
the first (see Tables 5.6 and 5.2 respectively), we must take this into consideration. It
seems that the recogniser was less able to identify FEPs in the more recent dataset,

even though it had a significantly larger collection of 8-Ks to work with.

With regards the ‘ups’, the pattern matches our assumption, in that there were more
FEPs recognised in the more recent dataset. H owever, considering that there were
more t han t wice as m any 8-Ksi nt his pe riod, one m ight expectt heretob e
significantly more FEPs recognised, but this was not the case. The number of FEPs
recognised only increased from 260 to 297. Also, the recogniser only succeeded in
finding FEPs in 24.3% of the “ups’ in the second dataset, compared with 30.8% in the
first, s o it is ev ident t hat t he r ecogniser encountered m ore d ifficulties (compare
Tables 5.6 and 5.2 respectively). W e must bear in mind, however, that these figures
relate to F EPs recognised—it is quite p ossible that there were more FEPs in these

disclosures.

When we compare the average number of FEPs per file, as well as the minimum and
maximum num ber, w e also find that the r ecogniser w as | ess s uccessful in finding
FEPs in the second dataset. O n average, the recogniser found 1 FEP per file in the
first, but 0.4 (none) in the second (see Table 5.10). T he maximum number of FEPs
recognised also de creased in the s econd dataset, but this could also be because o f
more accurate and timely reporting i.e. companies might have started to file single

events more frequently than before, rather than file several events in one disclosure.

As already mentioned earlier in this section, we noted that the recogniser found FEPs
in a smaller percentage of 8-Ks in the second dataset. O ne possible suggestion for
this is that the language changed significantly in the intervening period, and therefore
the recogniser was not able to recognise as many FEPs. It is possible that the marked

increase in the number of events that needed to be filed, brought with it a change in
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the style of reporting language. Also, as we know that the number of events that had
to be filed were increased from 2004, it is quite likely that some of the new events
were not catered for in the FEP recogniser. This limitation will be discussed further

in Chapter 7.

With r egards t he num ber of di fferent F EP t ypes recognised, t here w as not m uch
difference between the two periods (see Table 5.11). Perhaps more interesting is the
fact that the number of unique occurrences, when duplicate FEPs were removed, did
increase i nt he s econd d ataset, w hich answers one o four s econdary research
questions ( see C hapter 1). W hilstin T able 5. 10 w e f ound t hat t he number o f
duplicate FEPs de creased in the s econd da taset, he re w e find t hat t he num ber of
unique FEPsincreased (110 increasedto 134 and 1191 ncreasedto 1 88). O ne
possible r eason f or t his ¢ ould be t hat t here w as 1 ess r epetition of e ach e vent, as

auditors be came m ore conscientious a bout t heir r eporting s tyle a fter t he 2004

changes.
1997-2000 2005-2008 1997-2000 2005-2008
downs downs ups ups
(256 8-Ks) (574 8-K5s) (292 8-Ks) (672 8-Ks)
& Dljjerent FEP 18/49 16/49 19/49 17/49
types recognised
# Unique
occurrences 110 134 119 188
(no duplicates)
within 8-Ks)

Table 5.11: Number of different FEP types recognised and number of unique

occurrences in ‘downs’ and ‘ups’ (both datasets).

Another area worth examining is the number of single-event filings. As mentioned in
Sections 5.3.2 and 5.3.3, 72.8% and 87.1% of the 8-Ks that had FEPs, were single-
event filings (first and second dataset respectively). This correlates with another one
of our research questions (see Chapter 1), which is that we expect the more recent 8-
Kstobe more focused andless ‘noisy’, as aresultof thechanged regulations.
However, we must remember that these figures might be increased or decreased with
a more efficient recogniser—it is quite possible that there were more FEP types in

these 8-Ks, in both datasets.
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When we examine the different FEP types found by the recogniser, we can see that
the m ajority of F EP t ypes t hat appeared in t he first d ataset al so appeared in t he
second. T able 5.12 lists the FEP types recognised in both datasets, where Y stands
for Y es, it was recognised’ and N s tands for ‘No, not recognised’. FEP types
highlightedi nbol dt ypea redi scussed here int het ext. O nly
Tfep_accountant_dismissal, fep_dividend_distribution, a nd
fep_private_placement, which were recognised in the second dataset, were not
recognised in the initial dataset. In the second dataset, only fep_stock_offering,
fep_stock option_agreement_or_plan, and fep_will_or_has_generate

d_loss were not recognised (they were recognised in the first). The only FEP type
thatap pearst ob eco rrelatedw ith ani ncreasei ns harep ricei s
fep_accountant_appointment, w hich onl y a ppeared i nt he ‘ups’ (both time

periods). W e might expecta ne w appointment to be correlated with good ne ws,

especially if there has been an issue with a previous accountant.

1997-2000 2005-2008 1997-2000 2005-2008

HEges downs downs ups ups

fep_accountant_appointment N N

fep_accountant_dismissal

fep_acq ag and plan of merger or
_reorg

fep_allocation writeoff or amortizat
ion_of goodwill

fep_amend rights plan issue offer
or agreement

fep_could would can_expect materi
al adverse effect

fep_dividend_distribution

fep_indenture

fep_new_personnel or promotions

fep_private_placement

fep purchase agreement

fep_remain_as_personnel

fep_resignation or leaving

fep rights plan_issue offer or agre
ement

fep_securities purchase agreement

<<l < |=<|lz|=<|lz|=<|=<|z|=<|z|=<|=<|=z
Z (<< |=|=|=<|z|=|2Z2|2|~<|=<|~<|~<|x
Z << || =|=<|z|=x|=<|z|=<|=<|=<|=<|z|<
Z | <]z |=<|=|=<|=<|=<|=<|=<|z|2z2|z2|<|~<]|<

fep_stock_offering
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fep_stock option_agreement_or_pl % N N N
an

fep_stock or note conversion Y Y Y Y
fep_stock purchase agreement Y Y Y Y
fep_stock split Y Y Y N
fep_tq_amend_general_ag_report_do v v v v
c or info

fep_will or has generated income Y Y Y Y
fep_will_or_has_generated_loss Y N Y N
fep_will or has_generated revenue Y N Y Y

Table 5 .12: O ccurrences o fe ach F EPt ypein ‘downs’ and ‘ups’ (both
datasets).

Looking more closely at the five events that had the highest number of occurrences in
botht imepe riods( seeT able5. 13),w ef oundt hatt he
fep_acq_ag_and_plan_of _merger_or_reorg occurred in a fairly even number
of ‘ups’ and ‘downs’, in both datasets. Merger and acquisition agreements can have
different i mplications for c ompanies, de pending on w hether they are the a cquiring
company or the company being acquired. Also, specific details regarding a merger
can have different implications for shareholders as they o ften have associated stock

changes, as we will see shortly.

The fep_new_personnel_or_promotions was recognised in more ‘ups’ than
‘downs’ and there were more occurrences in the second (more recent) dataset. W e
would expect this to be the case, as this event is more likely good news than bad news

and there were more 8-Ks in the second dataset.

The fep_purchase_agreement was recognised in more ‘ups’ than ‘downs’, but
there w ere 1 ess o ccurrences recognised int he s econd da taset, w hich i s s urprising
seeing ast here w ere m ore 8 -Ks. T he fep_stock_or_note_conversion was
recognised in a fairly equal number of ‘ups’ and ‘downs’ but in slightly less 8-Ks in
the s econd d ataset. F inally,t he fep_will_or_has_generated_income was
recognised in more ‘ups’ than ‘downs’, which was ex pected. As there were more
occurrences i n t he s econd da taset, t his ¢ orrelates w ith our assumption t hat t here

would be more occurrences in a larger dataset.
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1997-2000 2005-2008 1997-2000 2005-2008

FEP type d

owns downs ups ups
fep_acq ag and plan of merger or 71 19 2 13
_reorg
fep new personnel or promotions 34 59 26 90
fep purchase agreement 5 4 12 4
fep stock or note conversion 9 8 11 8
fep will or has generated income 13 17 11 22

Table 5.13: M ost frequently-occurring FEP types in ‘downs’ and ‘ups’, no
duplicates (both datasets).

Looking at the FEP c ombinations w hich oc curred t ogether in m ore t han one 8§ -K
(Table 5.14) , s ome ¢ ombinations w ere onl y recognised in th e f irst d ataset; f or
example,t he fep_allocation_writeoff or_amortization_of_goodwill
and fep_new_ personnel_or_promotions as w ell as
fep_new_personnel_or_promotions and fep_stock or_note
conversion. Both combinations appeared in an equal number of ‘ups’ and ‘downs’,
in bot h da tasets. T he ¢ ombination of Ffep_acq_ag_and_plan_of_merger_
or_reorg and fep_new_personnel_or_ promotions,ap pearedi nm ore
‘downs’ overall but also appeared more in the first dataset. N o mergers and new
personnel were recognised in the “ups’ in the second dataset, which could be because
of inefficiencies in the recogniser, or perhaps more of these events were considered
bad news than good news. Other combinations appear to be correlated with decreases
ins harepr ices,a st ‘downs’:th e

heyonl ya ppearedi n

fep_acq_ag_and_plan_of _merger_or_reorg and fep_to
amend_general _ ag_report_doc_or_info.

The fep_acqg_ag_and_plan_of _merger_or_reorg and fep_stock or_
note_conversion combination appeared more in the first dataset but appeared in a
fairly equal num ber o f ‘downs’ and ‘ups’, in e ach dataset. T he c ombination of
fep_new_personnel_or_promotions and fep_remain_as_personnel
appeared in more ‘ups’ than ‘downs’, and we would probably expect this to be more

good news than bad news.
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1997-2000 2005-2008 1997-2000 2005-2008

HEges downs downs ups ups

fep_acq ag and plan of merger or
_reorg 6 3 5 0
fep new personnel or promotions

fep_acq ag and plan of merger or
_reorg

fep to amend general ag report do
¢ or info

fep_acq ag and plan of merger or
_reorg 6 3 8 2
fep stock or note conversion

fep new_personnel or promotions
fep _remain as_personnel

fep_allocation writeoff or amortizat
ion_of goodwill 3 0 3 0
fep new personnel or promotions

fep_new_personnel or promotions

fep stock or note conversion 2 0 2 0

Table 5.14: FEP t ypes that oc curred t ogether in ‘downs’ and ‘ups’ (both
datasets).

Our f inal an alysis o f'b oth d atasets r elates t o d uplicate F EPs. W as t here m ore
repetition of any given FEP in the first or second dataset? Table 5.15 c ombines the
data from Tables 5.8 and 5.16 and shows the most frequently-occurring FEP types for
both datasets. The value ‘N/A’ is used where that FEP type was not one of the most
frequently-occurring FEP types for a p articular dataset but this does not necessarily
mean the FEP type did not occur—it just might not have occurred as frequently as
others. The fep_new_personnel_or_promotions was repeated in slightly more
‘downs’ but it was repeated m ore than t wice as o ften in the s econd ( more r ecent)
dataset. W hilst we would expect to find more occurrences of the FEP in the second
dataset, as there are more 8 -Ks, we would expectitto appear more in ‘ups’ than
‘downs’. It1is possible that this FEP type was repeated more in ‘downs’, to partly
disguise other negative news or at least reduce the likely impact. S imilar tactics—
which Malkiel (2007) refers to as “creative a ccounting procedures” (p.155)—have
been highlighted in previous studies (e.g. see Kohut and Segars 1992 and Li 2008 in
Chapter 2).

The fep_acq_ag_and_plan_of _merger_or_reorg appeared in more ‘downs’
but it al so ap peared m ore in t he first d ataset, which could b e b ecause t he r eport
writers used more concise writing strategies in the more recent dataset (i.e. perhaps
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they di d not repeatthe e ventas of ten). O nthe ot her hand, itcouldbe due to
inefficiencies in the recogniser, as less FEPs were recognised overall in the second
dataset. The fep_will_or_has_generated_income occurred more frequently in
the second d ataset and in more ‘ups’ than ‘downs’, which we would expect. T he
fep_allocation_writeoff _or_amortization_of _goodwill and fep_
securities_purchase_agreement were r epeated m ore f requently i n t he first
dataset, but this could possibly be due to c hanges i n w riting s tyle, r ather t han a
reduction in the occurrences of that FEP type in the second dataset. For example, in
another study, Loughran et al (2008) found that ethics-related terms appeared in more
Form 10-Ks once companies were legally required to disclose ethics-related events,
which suggests that the S EC changes forced report writers to m odify their writing
style. Kohut and Segars (1992) found that the direct style was used by companies

disclosing good news and the indirect style was used by companies disclosing bad

news.
1997-2000 2005-2008 1997-2000 2005-2008
FEP type
downs downs ups ups

fep_new_personnel or promotions 74 141 43 163
fep_acq_ag and plan of merger or

P_a64 a8 _ane_Pplan_oLmelgel 100 40 91 29
_reorg
fep_will or has generated income N/A 21 N/A 30
fep allocation writeoff or amortizat

- B - 20 N/A 27 N/A
ion_of goodwill
fep_securities purchase agreement 20 N/A 3 N/A

Table 5.15: Most frequently-occurring FEP types in ‘downs’ and ‘ups’ (both
datasets).
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5.4 Summary

Itis clear from the p attern an alyses in this ch apter that our F EP recogniser n eeds
more work. Firstly, the phrases incorporated into the recogniser need to be developed
further, s o t he r ecogniser ¢ an i dentify on e or more F EPsin a greater num ber of
disclosures. This may necessitate reducing precision in favour of a higher recall; for
example, if we try to recognise shorter FEP phrases, the rate of recall may increase
but the precision will likely decrease. Secondly, some of the existing phrases need to
be refined, so the recogniser does not make mistakes. W e believe that stock-related
events, in particular, can be very difficult to classify and may warrant further s ub-

division.

If disclosures filed after 2004 typically only refer to one type of FEP and there are
many d ifferent types of F EP (this s eems to be the c ase, judging b y o ur m anual
analysis of 28 disclosures), then our classifier would need a very large dataset to learn
patterns from this data. At the end of Section 4.4, we mentioned that we made a list
of 1,568 frequently-occurring ke ywords (excluding stop w ords a nd ot her non-
interesting w ords), w hilst w e w ere p reparing th e F EP lis ts. A fter r eviewing th e
pattern analyses findings, we decided to use these keywords as additional features in
the classification process to give the classifiers the best possible chance. In the next
chapter, we will present th e results from o ur c lassification e xperiments w ith C 4.5
(Section 6.2) and S VM-Light (Section 6.3), where we used FEPs and keywords as
document ¢ ontent f eatures. We will also pr esent t he r esults f rom a number of
experiments w hich w ere u sed asb aseline ap proaches toc ompare with these

experiments (see Sections 6.4 to 6.6).
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Chapter 6: Automatic Classification of 8-K
Disclosures using Various Document Content

Features

6.1 Outline

In Chapter 3, w e briefly introduced the topics of automatic text c lassification and
categorisation. We then focused extensively on various methods that have been used
for t he automatic analysis of financial doc uments, including rule i nduction, ne ural
networks, s upport ve ctor machines, and B ayesian m ethods. W hilst these were the
most f requently-used me thods, s tatistical me thods, la nguage mo delling, mu Itiple

discriminant analysis, k-nearest neighbour, and genetic algorithms were also used.

In C hapter 4, w e pr esented our rationale f or f ocusing on one t ype o f f inancial
document—the Form 8-K—and we described the features of our datasets. In Chapter
5, we described the features of our prototype financial event phrase (FEP) recogniser

and highlighted some FEP patterns that emerged in the different datasets of 8-Ks.

In t his ¢ hapter, w e p resent t he r esults f rom our e xperiments us ing t wo di fferent
methods (decision trees and support vector machines) for the classification of Form 8-
Ks by likely share price response, using FEPs and keywords as content features. For
each method, we first describe the systems we chose (C4.5 and SVM-Light), before
presenting the detailed results of our experiments. We then analyse the results for
each experiment. W e also present and an alyse the results from two alternative
approaches that were used as baseline approaches: classification using automatically-
extracted n-gram features (where n=5) (see Sections 6.4 and 6.5) and classification

using a bag-of-words (Section 6.6). Finally, we provide a summary of the chapter.
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6.2 Decision Tree Classification using Financial Event

Phrases and Keywords

In this section, we first present an overview of C4.5, the decision tree classification
method we adopted. We then present the results from a number of C4.5 experiments
in Sections 6.2.2 to 6.2.5:

e C(lassification Results for the 1997-2000 Dataset: Subset 1 (C4.5).

e C(lassification Results for the 2005-2008 Dataset: Subset 2 (C4.5).

e C(lassification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1 and 2

(C4.5).
e C(lassification Results for the 2005-2008 Dataset: Subset 3 (C4.5).

In Section 6.2.6, we will analyse and discuss the results from all four experiments.

6.2.1 Background to Decision Trees and C4.5

C4.51s one of a family of well-known d ecision tree | earning a lgorithms t hat also
includes its p redecessor, ID3 (Mitchell 1997). We decided to use adecision tree
learning algorithm because these ki nds of algorithms have be en used qui te
successfully in the financial domain (see, for example, Koppel and Shtrimberg 2004,
Peramunetilleke and Wong 2002, Wiithrich et al 1998, and Koh and Low 2004 in
Chapter 3). In arecent study by Robles-Granda and Belik (2010), C4.5 was found to
perform be tter du ring t he t raining pha se w hen predicting s tock vol atility, t han an
artificial neural network with back propagation and a Naive Bayes classifier. W hilst
C4.5 proved to be less stable during the classification phase (without pruning), it still
achieved a better level of accuracy overall. Other reasons for choosing C4.5 include
its processing speed, its ability to handle noisy textual data (Harries and Horn 1995),

and our familiarity with it.

C4.51s a s uite o fp rograms th at ¢ onstruct ¢ lassification mo dels b y examining

numerous recorded cl assifications” (Quinlan 1993). T hese models aim to discover

%% 5.0 has replaced C4.5 since we initiated these experiments.
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and analyse patterns found in a number of cases. Each case must be represented by a
series of non -category features o r attributes, with e ach a ttribute h aving either a
discrete or numeric value. Each case is then assigned a p articular category or class,
which m ust be pr edefined—this is know n a s s upervised 1 earning—and each cas e

must belong to only one class.

In addition to ensuring that there are more cases than classes, it is also necessary to
ensure there is sufficient data. The amount of data required is affected by numerous
factors, including the number of attributes, the number of classes, and the complexity
of th e c lassification p roblem ( Quinlan 1993). Lewis has done e xtensive w ork on
feature selection and extraction (see, for example, Lewis 1992a). Robles-Granda and
Belik (2010) found that reducing the number of features did not significantly impact
the classification ac curacy and that the noisy nature of their data did not affect the

stability of C4.5.

Cases are sometimes split into training and test data, with the former used to construct
the d ecision tree and/ or rule c lassification mo dels and the latter used to testthe
accuracy of the models (Quinlan 1993; Berthold and Hand 2003). H owever, this is
not always ideal, especially where relatively small datasets are used (e.g. less than a
few hundred). An alternative approach is to use K-fold cross-validation, whereby the
data is splitinto K folds (Quinlan 1993). Folds are usually evenly sized, although
there can be minor differences, depending on the number of folds and the size of the
dataset. For each of the K folds, the remaining K-1 folds are used as training data. K
is withheld as test data, thereby ensuring that each fold is used only once as test data
(Quinlan 1993 ; Berthold and Hand 2003). Provided the number of folds is not too
small—ten-fold is usually recommended—the average error rate over the unseen test
cases should be a good predictor of the error rate of a model built from all the data

(Quinlan 1993).

Using our financial classification problem as an example, each Form 8-K disclosure
is a case. Each case either contains, or does not contain, one or more attributes or
features (financial ev ent p hrases, n amed entities, t ypes o f f inancial o bject, and

keywords). The class (up or down) is specified for both the training and test data but

160



C4.5 uses the training models to evaluate the accuracy on the previously-unseen test
data, the latter being presented at each fold. C4.5 returns an error rate for the unseen
test data, which can be compared with the error rate for the training data. Usually, the
model performs better on the training data but the goal is to achieve as low an error as

possible on the unseen test data.

When preparing data for C4.5, three files need to be prepared (Quinlan 1993). T he
first—the .names file—Ilists each possible class (up or down, in our study). Italso
lists the values for each attribute (see Figure 6.1 for some sample attributes and their
values). T he s econd file—the . data tr aining file—comprises t he v alues o fea ch
attribute for each training case, and the third file—the .test file—comprises the same
type o fd ata for each test case (see Figures 6.2 a nd 6.3 r espectively). A sthisis
supervised learning, we also had to provide the actual classification (up or down) so
the algorithm could determine its performance accuracy on both the training and test

data.

UP,.DOWN.

ability: TRUE,FALSE.
absence: TRUE,FALSE.

written: TRUE,FALSE.

year: TRUE,FALSE.

years: TRUE,FALSE.

fep accountant dismissal: TRUE,FALSE.
fep _accountant appointment: TRUE,FALSE.

fep owes compensation: TRUE,FALSE.

fep to _amend general ag report doc or info: TRUE,FALSE.
type_accountant or accountant name: TRUE,FALSE.

type appointment or promotion: TRUE,FALSE.

Figure 6.1: Sample content for the C4.5 .names file (keywords, FEPs, named

entities, and types of financial object).

161




TRUE,FALSE,FALSE,...,TRUE,DOWN.
FALSE, TRUE,TRUE,...,FALSE,UP.

Figure 6.2: Sample content for the C4.5 .data training file (two cases).

TRUE,TRUE,FALSE,...,FALSE,DOWN.
TRUE,FALSE,TRUE,..., FALSE,UP.

Figure 6.3: Sample content for the C4.5 .test test file (two cases).

C4.5 classification out put c an t ake the form of de cision trees or production rules,
which describe the class by referring to the values of particular attributes (Quinlan
1993). Separate trees or rules are generated for each fold, in the case of K-fold cross

validation.

C4.5 de cision t rees t ypically t ake t he f ollowing f ormat ( Quinlan 1993 ): A tree
comprises a num ber o f node s, w ith e ach node ¢ orresponding t 0 a no n-category
attribute. E ach node has one or more branches, each leading to a possible value of
that attribute. A tthe end each branch, thereis al eaf, s pecifying the value ofthe
category attribute (or class). E ach node should pos sess t he non -category a ttribute
with the most information at that point; however, only attributes not yet considered at
that point (from the root), should be included at a node. The process is best described

by Quinlan (1993) as follows:

“A decision tree can be used to classify a case by starting at the root of the
tree and moving through it until a leaf is encountered. At each nonleaf
decision node, the case’s outcome for the test at the node is determined and
attention shifts to the root of the subtree corresponding to this outcome.
When this process finally (and inevitably) leads to a leaf, the class of the case

is predicted to be that recorded at the leaf” (pp.5-6).

A number presented beside each leaf specifies the number of training instances, out of

the total number of cases evaluated, which belong to that leaf or path in the tree. In
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some cases, this number is followed by a second number, which specifies how many
of t hose cl assifications were i n fact e rrors ( Quinlan 1993 ). T he us ually 1 engthy
decision trees are also pruned or simplified, by replacing s ubtrees with 1eaf nodes;
however, pruning only happens if “the expected error rate in the subtree is greater
than in the single leaf” (Ingargiola date unknown). Both the original and pruned trees

are presented in the output.

In addition to presenting the trees, C4.5 also provides summary details outlining the
evaluation on t raining d ata: it presents the size of the trees (number o f nodes), the
number of errors using both the original and pruned trees, as well as the estimated
error percentage for the unseen test data. C4.5 then presents the equivalent summary
details for the test data, so it is possible to compare the estimated error percentage
with t he a ctual e rror pe rcentage. F inally, it presents a ¢ onfusion m atrix ( Quinlan
1993) based on t he pruned tree, which details the num ber of correct and incorrect

classifications for each class.

Production rules can also be derived from C4.5 decision trees. These are written from
the root to the leaf, usually in the form if... then... rules and they are usually easier to
interpret than the lengthy unpruned decision trees from which they are derived. One
class is al so d esignated as a d efault (Quinlan 199 3). In our research, w e briefly
evaluated the performance of the rules, but our main focus was on the performance of
the decision trees and the confusion matrices that accompany them. In Sections 6.2.2
to 6.2.5, we will present the results from our C4.5 experiments and in Section 6.2.6

we will analyse and discuss the results.

6.2.2 Classification Results for the 1997-2000 Dataset: Subset 1 (C4.5)

This experiment used 169 disclosures from the 1997-2000 dataset and comprised 90
‘ups’ and 79 ‘downs’. Each of these disclosures had one or more recognised FEPs
within them, derived from our prototype financial event phrase recogniser. W e used
1,635 features for classification, comprising 1,568 hand-chosen keywords, 49 types of
FEP, and 18 t ypes of named entities and financial objects. As discussed in Section
5.5, we decided to introduce keywords into the classification process due to the poor

recognition performance of our FEP recogniser.
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Using te n-fold c ross va lidation, the C 4.5 s implified decision trees had an av erage
2.9% errorrateont he training da ta and an a verage 47.9 % e rror r ate (or 52. 1%
accuracy rate) on the unseen test data (see the last two rows in Table 6.1). The table
also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.

Size before Size after Number of Estimated
Cross- . Number of errors .
o pruning o pruning errors on error for
validation on training or test o o
(number of (number of training or test training
fold data
nodes) nodes) data data
L 61 4 (2.6%) 51 5(3.3%) (23.9%)
61 6 (35.3%) 51 6 (35.3%) (23.9%)
) 57 6 (3.9%) 57 6 (3.9%) (25.8%)
57 6 (35.3%) 57 6 (35.3%) (25.8%)
3 59 2 (1.3%) 59 2 (1.3%) (23.9%)
59 9 (52.9%) 59 9 (52.9%) (23.9%)
A 57 3 (2.0%) 57 3 (2.0%) (23.8%)
57 8 (47.1%) 57 8 (47.1%) (23.8%)
. 61 4 (2.6%) 61 4 (2.6%) (25.5%)
61 10 (58.8%0) 61 10 (58.8%0) (25.5%)
. 59 1 (0.7%) 59 1 (0.7%) (23.0%)
59 8 (47.1%) 59 8 (47.1%) (23.0%)
. 51 9 (5.9%) 45 10 (6.6%) (24.5%)
51 9 (52.9%) 45 10 (58.8%0) (24.5%)
. 65 0 (0.0%) 63 0 (0.0%) (23.6%)
65 8 (47.1%) 63 8 (47.1%) (23.6%0)
. 57 6 (3.9%) 55 6 (3.9%) (25.0%)
57 9 (52.9%) 55 9 (52.9%) (25.0%)
10 65 4 (2.6%) 51 7 (4.6%) (24.9%)
65 7 (43.8%) 51 7 (43.8%) (24.9%)
Train
59.2 3.9 (2.6%) 55.8 4.4 (2.9%) (24.4%)
(average):
Test
59.2 8.0 (47.3%) 55.8 8.1 (47.9%) (24.4%)
(average):

Table 6.1: Number of errors and tree sizes for the 1997-2000 dataset: subset 1
(C4.5).
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We also briefly examined the performance of the production rules derived from the
original decision trees (Quinlan 1993) and found that, on average, there was a 21.0%
error rate on the training data and an average 47.8% error rate (or 52.2% accuracy) on
the unseen data. If we wish to compare the average performance of the rules with the
average performance of the trees, we must compare the former with the performance
of the unpruned or original tree. Whilst the training error with the rules (21.0%) was
significantly higher than the error with the original tree (2.6%, see the second last row
and third column in Table 6.1), the error rate on the unseen data was just marginally
higher (47.8% vs. 47.3% respectively). In this experiment, the rules did not yield
improved pe rformance over t he or iginal d ecision t rees, ont he uns een data. A s

outlined earlier, the rest of this section will focus on the output from the trees.

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table
6.2 provides a confusion matrix for the simplified trees on t he test cases, showing
how the misclassifications were distributed. In the first fold, C4.5 classified 9 t est
cases as U P (second row, | ast co lumn) and 8 oft hese were co rrectly cl assified
(second row, second column). C 4.5 classified 8 c ases as DOWN (second row, last
column) but only 3 of these were DOWN (second row, third column). In the second

and third columns, figures highlighted in bold indicate correct classifications.

Fold @) (b) Classified as Total # classifications (C4.5)
n 8 1 (a): class UP 9
5 3 (b): class DOWN 8
2 6 3 (a): class UP 9
3 5 (b): class DOWN 8
. 4 5 (a): class UP 9
4 4 (b): class DOWN 8
q 4 5 (a): class UP 9
3 5 (b): class DOWN 8
s 5 4 (a): class UP 9
6 2 (b): class DOWN 8
5 6 3 (a): class UP 9
5 3 (b): class DOWN 8
- 2 7 (a): class UP 9
3 5 (b): class DOWN 8
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3 6 (a): class UP 9

8 2 6 (b): class DOWN 8

4 5 (a): class UP 9

? 4 4 (b): class DOWN 8
i 6 3 (a): class UP 9
4 3 (b): class DOWN 7

Total 48 42 (a): class UP 90
39 40 (b): class DOWN 79

Table 6.2: Confusion matrix for the 1997-2000 dataset: subset 1 (C4.5).

If we add all the correct UP classifications, we find that 48/90 UP classifications were
correctly classified (53.3%). If we compute a similar value for the DOWNs, we find
that 40/ 79 (50.6%) were correctly classified. A discussion of these results can be
found in Section 6.2.6.

6.2.3 Classification Results for the 2005-2008 Dataset: Subset 2 (C4.5)

This experiment us ed 2 80 disclosures from the 2005-2008 dataset, comprising 163
‘ups’ and 117 ‘downs’. Each of these disclosures had one or more recognised FEPs
within t hem, de rived f rom our pr ototype FEP r ecogniser. Liket he pr evious
experiment, we used 1,635 attributes for classification, comprising 1,568 hand-chosen

keywords, 49 types of FEP, and 18 types of named entities and financial objects.

Using ten-fold c ross va lidation, the C 4.5 s implified decision trees had an av erage
7.7% errorr ate on t he training da ta and an a verage 47.5 % e rror r ate (or 52.5%
accuracy rate) on the unseen test data (see the last two rows in Table 6.3). The table
also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.

We also briefly examined the performance of the production rules derived from the
original decision trees and found that, on average, there was a 24.4% error rate on the
training data and an average 47.1% error rate (or 52.9% accuracy) on the unseen test
data. If we wish to compare the average performance of the rules with the average
performance of the trees, we must compare the former with the performance of the

unpruned or original tree. W hilst t he training e rror w ith t he r ules ( 24.4%) w as
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significantly higher than the training error with the original tree (5.1%, see the second
last row and third column in T able 6.3), the error rate on t he unseen test data was
lower (47.1% vs . 49.3 % r espectively). Int his e xperiment, t he r ules pe rformed
slightly b etter on the unseen test d ata but for consistency across e xperiments, t he

remainder of this section will focus on the output from the decision trees.

Size before Size after Number of .
Cross- . Number of errors . Estimated
o pruning . pruning errors on
validation on training or test o error for
(number of (number of training or test .
fold data training data
nodes) nodes) data
L 107 20 (7.9%) 59 33 (13.1%) (27.9%)
107 9(32.1%) 59 9 (32.1%) (27.9%)
) 99 11 (4.4%) 93 12 (4.8%) (26.2%)
99 17 (60.7%0) 93 16 (57.1%) (26.2%)
3 105 19 (7.5%) 63 32 (12.7%) (28.3%)
105 15 (53.6%0) 63 12 (42.9%) (28.3%)
A 109 4 (1.6%) 93 4 (1.6%) (22.8%)
109 17 (60.7%0) 93 16 (57.1%) (22.8%)
. 103 17 (6.7%) 63 27 (10.7%) (26.5%)
103 10 (35.7%) 63 11 (39.3%) (26.5%)
6 105 14 (5.6%) 81 15 (6.0%) (24.9%)
105 13 (46.4%) 81 13 (46.4%) (24.9%)
. 99 9 (3.6%) 87 9 (3.6%) (24.0%)
99 13 (46.4%) 87 13 (46.4%) (24.0%)
. 111 8 (3.2%) 103 8 (3.2%) (27.0%)
111 17 (60.7%) 103 16 (57.1%) (27.0%)
o 95 13 (5.2%) 73 23 (9.1%) (26.7%)
95 14 (50.0%0) 73 15 (53.6%0) (26.7%)
10 107 14 (5.6%) 63 30 (11.9%) (27.3%)
107 13 (46.4%) 63 12 (42.9%) (27.3%)
Train
104.0 12.9 (5.1%) 77.8 19.3 (7.7%) (26.2%)
(average):
Test
104.0 13.8 (49.3%) 77.8 13.3(47.5%) (26.2%)
(average):

Table 6.3: Number of errors and tree sizes for the 2005-2008 dataset: subset 2
(C4.5).
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Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table

6.4 provides a confusion matrix for the simplified trees on t he test cases, showing

how the misclassifications were distributed. In the first fold, C4.5 classified 16 test

cases as UP (second r ow, | ast c olumn) and 15 of these w ere co rrectly classified

(second row, second column). C4.5 classified 12 cases as DOWN (second row, last

column) but only 4 w ere c orrectly classified (second r ow, third column). Inthe

second and third columns, figures highlighted in bold indicate correct classifications.

Fold (@) (b) Classified as Total # classifications (C4.5)

15 1 (a): class UP 16

! 8 4 (b): class DOWN 12
5 9 7 (a): class UP 16
9 3 (b): class DOWN 12

10 6 (a): class UP 16

: 6 6 (b): class DOWN 12
4 9 7 (a): class UP 16
9 3 (b): class DOWN 12

= 10 6 (a): class UP 16
5 7 (b): class DOWN 12

8 8 (a): class UP 16

° 5 7 (b): class DOWN 12
10 6 (a): class UP 16

! 7 5 (b): class DOWN 12
9 8 (a): class UP 17

° 8 3 (b): class DOWN 11
11 6 (a): class UP 17

° 9 2 (b): class DOWN 11
1 12 5 (a): class UP 17
7 4 (b): class DOWN 11

Total 103 60 (a): class UP 163
73 44 (b): class DOWN 117

Table 6.4: Confusion matrix for the 2005-2008 dataset: subset 2 (C4.5).

If we add all the correct UP classifications, we find that 103/163 UP classifications

were correctly classified (63.2%). If we compute a similar value for the DOWNSs, we

find that 44/117 (37.6%) were correctly classified. A discussion of these results can

be found in Section 6.2.6.
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6.2.4 Classification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1
and 2 (C4.5)

This experiment used all the data from the previous two experiments (Sections 6.2.2.
and 6.2.3). Merging this data provided us with a larger number of 8-Ks with one or
more recognised FEPs. T here were 449 di sclosures, comprising 253 ‘ups’ and 196
‘downs’.  Liket he pr evioust wo e xperiments, w eus ed 1,635 attributes f or
classification, c omprising 1,568 ha nd-chosen ke ywords, 49 t ypes of F EP, and 18

types of named entities and financial objects.

Using te n-fold c ross va lidation, the C 4.5 s implified de cision trees had an av erage
1.6% errorrate on't he training da ta and an a verage 47.2 % e rror r ate (or 52.8%
accuracy rate) on the unseen test data (see the last two rows in Table 6.5). The table
also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.

We also briefly examined the performance of the production rules derived from the
original decision trees and found that, on average, there was a 35.8% error rate on the
training data and an average 44.1% error rate (or 55.9% accuracy) on the unseen test
data. If we wish to compare the average performance of the rules with the average
performance of the trees, we must compare the former with the performance of the
unpruned or original tree. W hilst t he training e rror w ith t he r ules ( 35.8%) w as
significantly higher than the training error with the original tree (0.9%, see the second
last row and third column in Table 6.5), the error rate on t he unseen test data was
lower ( 44.1% vs . 48.6 % r espectively). Int his e xperiment, t he r ules pe rformed
slightly b etter ont he u nseen t est d ata but for t he r easons out lined earlier, t he

remainder of this section focuses on the output from the decision trees.

Size before Size after Number of .
Cross- . Number of errors . Estimated
o pruning . pruning errors on
validation on training or test o error for
(number of (number of | training or test o
fold data training data
nodes) nodes) data
L 199 3 (0.7%) 175 8 (2.0%) (26.8%)
199 16 (35.6%0) 175 16 (35.6%0) (26.8%)
2 195 5(1.2%) 179 7 (1.7%) (27.0%)
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195 25 (55.6%0) 179 23 (51.1%) (27.0%)
3 201 2 (0.5%) 177 6 (1.5%) (26.5%)
201 17 (37.8%) 177 17 (37.8%) (26.5%)
A 193 4 (1.0%) 175 7 (1.7%) (26.6%)
193 26 (57.8%) 175 26 (57.8%) (26.6%0)
. 195 4 (1.0%) 171 8 (2.0%) (26.5%)
195 27 (60.0%0) 171 25 (55.6%) (26.5%)
6 189 4 (1.0%) 175 5(1.2%) (25.8%)
189 18 (40.0%0) 175 17 (37.8%) (25.8%)
. 205 3 (0.7%) 179 8 (2.0%) (27.4%)
205 19 (42.2%) 179 20 (44.4%) (27.4%)
. 209 3 (0.7%) 175 5(1.2%) (26.3%)
209 26 (57.8%) 175 24 (53.3%) (26.3%)
o 171 5(1.2%) 157 7 (1.7%) (24.2%)
171 19 (42.2%) 157 19 (42.2%) (24.2%)
10 181 5(1.2%) 169 6 (1.5%) (25.4%)
181 25 (56.8%0) 169 25 (56.8%0) (25.4%)
Train
193.8 3.8 (0.9%) 173.2 6.7 (1.6%) (26.2%)
(average):
Test
193.8 21.8 (48.6%) 173.2 21.2 (47.2%) (26.2%)
(average):

Table 6.5: Number of errors and tree sizes for the 1997-2000 and 2005-2008
datasets: subsets 1 and 2 (C4.5).

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table
6.6 provides a confusion matrix for the simplified trees on t he test cases, showing
how the misclassifications were distributed. In the first fold, C4.5 classified 25 t est
cases as UP (second r ow, last column) and 17 o fthese w ere co rrectly c lassified
(second row, second column). C4.5 classified 20 cases as DOWN (second row, last

column) and 12 w ere correctly classified (second row, third column). In the second

and third columns, figures highlighted in bold indicate correct classifications.
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Fold () (b) Classified as Total # classifications (C4.5)

17 8 (a): class UP 25

! 8 12 (b): class DOWN 20
14 11 (a): class UP 25

2 12 8 (b): class DOWN 20
17 8 (a): class UP 25

3 9 11 (b): class DOWN 20
A 10 15 (a): class UP 25
11 9 (b): class DOWN 20

12 13 (a): class UP 25

° 12 8 (b): class DOWN 20
15 10 (a): class UP 25

° 7 13 (b): class DOWN 20
17 8 (a): class UP 25

! 12 8 (b): class DOWN 20
13 13 (a): class UP 26

8 11 8 (b): class DOWN 19
16 10 (a): class UP 26

° 9 10 (b): class DOWN 19
1 13 13 (a): class UP 26
12 6 (b): class DOWN 18

Total 144 109 (a): class UP 253
103 93 (b): class DOWN 196

Table 6.6: C onfusion matrix f or t he 1997 -2000 a nd 2005 -2008 da tasets:
subsets 1 and 2 (C4.5).

If we add all the correct UP classifications, we find that 144/253 UP classifications
were correctly classified (56.9%). If we compute a similar value for the DOWNs, we
find that 93/196 (47.4%) were correctly classified. A discussion of these results can
be found in Section 6.2.6.
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6.2.5 Classification Results for the 2005-2008 Dataset: Subset 3 (C4.5)

This experiment used 1,246 disclosures that were filed for the 50 S&P500 companies,
during the period 2005-2008. O nly the disclosures ( cases) that were <50kb in size
were us ed. There were 574 © downs’ and 67 2 “ ups’ i nt his e xperiment. Each
disclosure had on e or more ke ywords and possibly one or m ore r ecognised FEP,
named entity or type of financial object. A s discussed in Sections 5.3.1 and 5.3.2,
FEPs w ere not r ecognised i na s ignificant nu mber of di sclosures i n bot h S &P
datasets. We conducted this experiment to see if a larger dataset changed the results
in any way, and to see if the lack of FEPs in the majority of the disclosures improved

or worsened the results.

Using te n-fold cross validation, the C 4.5 simplified decision trees had an av erage
8.1% errorrate ont he training data and an average 47.9 % e rror r ate (or 52.1%
accuracy rate) on the unseen test data (see the last two rows in Table 6.7). The table
also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.

We also briefly examined the performance of the production rules derived from the
original decision trees and found that, on average, there was a 34.8% error rate on the
training data and an average 48.9% error rate (or 51.1% accuracy) on the unseen test
data. If we wish to compare the average performance of the rules with the average
performance of the trees, we must compare the former with the performance of the
unpruned or original tree. The training error with the rules (34.8%) was significantly
higher than the training error with the original tree (2.4%, see the second last row and
third column in Table 6.7) and the error rate on the unseen test data was also higher,
although not as significantly (48.9% vs. 46.8% respectively). In this experiment, the
rules performed slightly worse on the unseen test data. The remainder of this section

focuses on the output from the decision trees.
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Size before Size after Number of )
Cross- ) Number of errors ) Estimated
o pruning o pruning errors on
validation on training or test . error for
(number of (number of training or test o
fold data training data
nodes) nodes) data

) 665 28 (2.5%) 503 68 (6.1%) (32.2%)
665 50 (40.0%) 503 50 (40.0%) (32.2%)
) 675 27 (2.4%) 433 98 (8.7%) (31.9%)
675 60 (48.0%) 433 64 (51.2%) (31.9%)
3 693 24 (2.1%) 459 89 (7.9%) (32.1%)
693 66 (52.8%) 459 69 (55.2%) (32.1%)
. 687 28 (2.5%) 427 104 (9.3%) (32.1%)
687 58 (46.4%) 427 59 (47.2%) (32.1%)
. 669 23 (2.1%) 473 72 (6.4%) (31.2%)
669 59 (47.2%) 473 58 (46.4%) (31.2%)
6 689 21 (1.9%) 465 90 (8.0%) (32.6%)
689 57 (45.6%) 465 54 (43.2%) (32.6%0)
. 663 30 (2.7%) 411 113 (10.1%) (32.3%)
663 52 (41.9%) 411 55 (44.4%) (32.3%)
g 675 29 (2.6%) 471 89 (7.9%) (32.6%)
675 60 (48.4%) 471 61 (49.2%) (32.6%0)
o 687 32 (2.9%) 459 100 (8.9%) (33.2%)
687 65 (52.4%) 459 66 (53.2%) (33.2%)
10 681 28 (2.5%) 481 88 (7.8%) (33.0%)
681 56 (45.2%) 481 61 (49.2%) (33.0%)
Train: 678.4 27.0 (2.4%) 458.2 91.1 (8.1%) (32.3%)
Test: 678.4 58.3 (46.8%) 458.2 59.7 (47.9%) (32.3%)

Table 6.7: N umber of errors and tree sizes for all cases inthe 2005-2008
dataset: subset 3 (C4.5).

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table
6.8 provides a confusion matrix for the simplified trees on t he test cases, showing
how the misclassifications were distributed. In the first fold, C4.5 classified 67 t est
cases as U P (second r ow, l ast co lumn) and 4 7 o f't hese w ere co rrectly c lassified
(second row, second column). C4.5 classified 58 cases as DOWN (second row, last
column) and 28 were correctly classified (second row, third column). In the second

and third columns, figures highlighted in bold are correct classifications.
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Fold (@) (b) Classified as Total # classifications (C4.5)

47 20 (a): class UP 67

! 30 28 (b): class DOWN 58
35 32 (a): class UP 67

2 32 26 (b): class DOWN 58
32 35 (a): class UP 67

3 34 24 (b): class DOWN 58
4 32 35 (a): class UP 67
24 34 (b): class DOWN 58

35 32 (a): class UP 67

° 26 32 (b): class DOWN 58
5 40 27 (a): class UP 67
27 31 (b): class DOWN 58

37 30 (a): class UP 67

! 25 32 (b): class DOWN 57
32 35 (a): class UP 67

8 26 31 (b): class DOWN 57
32 36 (a): class UP 68

° 30 26 (b): class DOWN 56
1 36 32 (a): class UP 68
29 27 (b): class DOWN 56

Total 358 314 (a): class UP 672
283 291 (b): class DOWN 574

Table 6.8: Confusion matrix for the 2005-2008 dataset: subset 3 (C4.5).

If we add allthe correct U P cl assifications, w e find t hat 358/672 w ere ¢ orrectly
classified (53.3%). Similarly, if we add all the correct DOWN classifications, we
find that 291/574 were correctly classified (50.7%). T he next section analyses and

discusses the results presented in Sections 6.2.2 to 6.2.5.
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6.2.6 Analysis and Discussion: C4.5 Results

Looking at the error rates on t raining data for all four experiments, it ranged from
1.6% (subsets 1 and 2 combined) to 8.1% (subset 3), averaging at about 5.1%. These
error rates are reasonably low, so we would hope to achieve good results with the test

cascs.

In the 1997-2000 d ataset ( Section 6.2.2), the average accuracy on ‘up’ and ‘down’
test cases was 52.1%. Likewise, in the 2005-2008 dataset (Section 6.2.3), the average
accuracy was 52.5%. If we were to randomly assign each disclosure to the ‘up’ or
‘down’ category, we might expect a 50-50 result (see, for example, Kryzanowski et al
1993). Using this very crude measure, we can see that our recogniser and classifiers

yielded slightly better-than-chance results, for both datasets.

However, on ¢ loser e xamination of the ‘ups’ and ‘downs’,wecanseethatthe
classifiers correctly classified 53.3% of the ‘ups’ and 50.6% of the ‘downs’ (subset 1)
and 63.2% of the ‘ups’ and 37.6% of the ‘downs’ (subset 2). However, as there is not
an even number of ‘ups’ and ‘downs’ in either dataset, we should not compare these
figures t 0 50% . Ideally, w e w ould unde rtake a h ypothesis t est for a popul ation
proportion to prove that th ese r esults are s tatistically significant but as we do not

know the true proportion of ‘ups’ and ‘downs’ in the entire disclosure universe, we
cannot compute this value. An alternative method of evaluating the performance is to
compute the proportion of ‘ups’ and ‘downs’ in our s ample d ataset and use those

values as benchmarks when evaluating the performance of the classifiers.

Looking at the ‘ups’ in the 1997-2000 dataset, there are 90 “ups’ in the dataset of 169
disclosures (53.3%). C oincidentally, this figure matches the percentage of correctly
classified ‘ups’. If we were to arbitrarily classify every document as ‘up’, we would
be correct 53.3% ofthe time, so our prototype recogniser and c lassifiers doe s not
yield improved results over that arbitrary method—in fact, it achieves the same result.
However, i f w e c ompute s imilar va lues for the ‘downs’, we find t hat the d ataset
comprises 46.7% ‘downs’, but our prototype s ystem c orrectly c lassifies 50.6% of

them, so this demonstrates that our system is better than arbitrary classification.
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One pos sible e xplanation for these results for the 1997 -2000 dataset c ould be that
corporations were only required to file certain types of events prior to 2004 and there
was greater f lexibility with r egards t he f iling de adline ( see S ection4.2f or a
discussion). A tthetime,the controls were notas s trict asthey aret oday, s o
corporations did not have to file as many types of negative news events and would
only ha ve m entioned ne gative ne ws i f they really had to do s o; c onsequently, the
classifiers may have found it relatively easy to identify negative news whenitdid
occur. Also, in Section 5.3.3 we revealed that there were proportionately more words
in the ‘ups’, compared to the ‘downs’. T his could partially explain the difficulties
faced by the classifiers when attempting to classify the ‘ups’ relative to the ‘downs’.
This seems to correlate with early findings by Hildebrandt and Snyder (1981), who
found that there were significantly more occurrences of positive words than neutral or
negative words, r egardless of w hether it w as a financially good or bad year (see
Section 2.3 for a discussion). A s a result, positive news may be more difficult to

classify than negative news.

Looking at the ‘ups’ in the 2005-2008 dataset, there are 163 ‘ups’ in the dataset of
280 disclosures (58.2%). If we were to arbitrarily classify every document as ‘up’,
we would be correct 58.2% of the time. H owever, our recogniser and classifiers
correctly classified t he ‘ups’ 63.2% of the time, s 0o our s ystem out performs the
arbitrary method. If we compute similar values for the ‘downs’, however, our system
only correctly classifies 37.6% of them, whereas arbitrary classification would yield

41.8% accuracy.

Post 2004, t he ‘ups’ appeared to be easier to classify than the ‘downs’, whichis a
reversal on t he previous period. A preliminary pattern analysis (see Section 5.3.3)
revealed that the ‘ups’ became m ore co ncise (relative to the ‘downs’) during t his
period; one possible reason for this improved conciseness could be the stricter filing
regulations, which were concerned with content scope and filing deadlines. A s the
filing deadlines are shorter nowadays, we might expect disclosures to have a greater
impact on s hare pr ice return t han p reviously, sothereismoreats take forthe
corporation. Also, a’s ¢ orporations are now r equired to file a greater num ber of

events, they may adopt strategies which disguise or frame important negative news in

176



the midst of not-so-important positive news (Loughran and McDonald 2011b). T his
noisy “positive” ne ws ¢ ould m ake n egative news more di fficult to classify. Inan
informal pol 1 unde rtaken by Loughran and M cDonald (2011a), a s mall num ber of
accounting f irms a dmitted t hat t hey w ould bu ry an “ awkward r evelationinan
overwhelming amount of uninformative text and data” (p.2). As discussed in Section
2.4, Tetlock et al (2008) found that reaction to negative i nformation us ually t akes
place within one day, so perhaps the reaction to this news had already been absorbed

into prices. This offers another possible reason for the poor classification of ‘downs’.

In Section 6.2.4, we discussed the results when we merged the 1997-2000 and 2005-
2008 datasets. We found that the average accuracy was 52.8% for “ups’ and ‘downs’.
Using the random classification method, our result is marginally better than the 50-50
result. However, on closer examination of the ‘ups’ and ‘downs’, we can see that the
classifiers correctly classified 56.9% ofthe ‘ups’ and 47.4% of the ‘downs’. Ifwe
compare these figures to the actual proportion of ‘ups’ and ‘downs’ in this combined
dataset (56.3% and 43.7%), we can see that the classifiers were marginally better with
the ‘ups’ but better still with the ‘downs’. W e must remember that each o fthese
disclosures had one or more recognised FEP and all had a number of keywords and/
or types of financial object. However, as this merged dataset comprised data that was
filed pre- and post- the 2004 rule changes, it is difficult to determine the extent to

which the SEC rule changes may have impacted these results.

In Section 6.2.5, w e presented the results for 1,246 8-Ks filed for the 50 S &P500
companies, during 2005-2008, regardless of whether FEPs were recognised in those
disclosures or not. We should remember here that only disclosures (cases) that were
<50kb in size were used, but other than that, each case had one or more keywords and
possibly one or m ore FEP, na med e ntity or type of financial obj ect. In't his
experiment, we found that the average accuracy was 52.1% for ‘ups’ and ‘downs’.
On c loser e xamination of the ‘ups’ and ‘downs’, w e can s ee t hat t he cl assifiers
correctly classified 53.3 % of the ‘ups’ and 50.7 % of the ‘downs’. If we compare
these figures to the actual proportion of ‘ups’ and ‘downs’ in this relatively large
dataset ( 53.9% and 46. 1%), w e c an s ee t hat o ur c lassifiers pe rformed ma rginally

worse with the ‘ups’ but better with the ‘downs’.
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In Chapter 5, w e discussed the FEP types that our recogniser found in each dataset.
At most, 18 unique FEP types were identified by the recogniser (see Tables 5.3, 5.11,
and 5.19). Ofthese 18 FEP types, 15 were used by one or more decision trees in the
various C4.5 experiments (see Appendix 26 for a listing). However, we should point
out at this stage that the experiment discussed in Section 6.2.2 (subset 1) only used
two FEP types in the de cision trees and the e xperiment discussed in S ection 6.3.3
only us ed one FEP t ype (subset2). O ne pos sible r eason for t his c ould be t he
relatively s mall size o f both datasets (169 and 280 di sclosures respectively);itis
likely that there were too few cases for the very large number o f features (1,635).
The e xperiment di scussed in S ection 6.2.4 us ed nine F EP t ypes (449 di sclosures,
subsets 1 a nd 2 c ombined) in t he de cision trees and t he experiment di scussed in
Section 6.2.5 used 15 FEP types (1,246 disclosures, subset 3). The increasing number
of F EP types recognised in each experiment suggests that larger d atasets find the
FEPs more us eful. E ven though only 280 of these 1,246 cases had one or more
recognised FEP (all had one or m ore ke ywords, named entities, and/ or t ypes of
financial object), it could be that the absence of FEPs in the other cases was a useful
predictive attribute. Nonetheless, we need to be careful not to assume that this is the
case, as the recall of our prototype recogniser still needs further work. Ideally, every
disclosure or case should have at least one recognised FEP—this is currently not the

casc.

To summarise, if we compare the actual classification accuracy for ‘ups’ and ‘downs’
separately, with the actual proportion of ‘ups’ and ‘downs’ in each experiment, the

results for C4.5 using FEPs and keywords are as follows:

1997-2000 dataset (subset 1):
e (4.5: ‘ups’ equals the arbitrary classification method.

e (C4.5: ‘downs’ outperforms arbitrary classification.

2005-2008 dataset (subset 2):
e (C4.5: ‘ups’ outperforms arbitrary classification.

e (4.5: ‘downs’ does not outperform arbitrary classification.
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1997-2000 and 2005-2008 datasets (subsets 1 and 2):
e (C4.5: ‘ups’ marginally outperforms arbitrary classification.

e (4.5: ‘downs’ outperforms arbitrary classification.

2005-2008 dataset (subset 3):
o (4.5: ‘ups’ does not outperform arbitrary classification.

e (4.5: ‘downs’ outperforms arbitrary classification.

Summarising t hese results, we can say that in three of the four e xperiments, C4.5
equals or outperforms the arbitrary classification me thod with the ‘ups’. A lso, in
three of t he f our e xperiments, C 4.5 out performs arbitrary classification w ith th e
‘downs’. W e should also note here that the C4.5 training error rates were quite low,
ranging from 1.6% to 8.1% (see Sections 6.2.2 t0 6.2.5). T his l ow training e rror

would have helped the classification of test cases.

In Section 6.4, we will present experiments which used C4.5 and n-grams, rather than
FEPs and keywords, for classification. T hese n-gram experiments w ere undertaken
as ab aseline approach,t o d emonstrate t he v alue ( if an y) o fu sing F EPs f or
classification. In Chapter 7, w e will discuss the limitations of our datasets and our

FEP recogniser and how these factors may have impacted the overall results.
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6.3 Support Vector Machine Classification using Financial

Event Phrases and Keywords

In this section, we first present an overview of support vector machines (SVMs) in
general and then focus specifically on one implementation of SVMs, known as SVM-
Light. W e then present the results from a num ber of S VM-Light e xperiments in
Sections 6.3.2 to 6.3.5:

e C(lassification Results for the 1997-2000 Dataset: Subset 1 (SVM-Light).

e C(lassification Results for the 2005-2008 Dataset: Subset 2 (SVM-Light).

e C(lassification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1 and 2

(SVM-Light).
e C(lassification Results for the 2005-2008 Dataset: Subset 3 (SVM-Light).

In Section 6.3.6, we will analyse and discuss the results from all four experiments.

6.3.1 Background to Support Vector Machines and SVM-L.ight

Support Vector Machines are a type of Kernal Method (KM) (Bennett and Campbell
2000; Berthold and Hand 2003). KMs are becoming increasingly popular as they are
regarded a s s imple a nd ¢ omputationally efficient ( like lin ear a lgorithms), f lexible
(like non -linear s ystems) a nd t hey ¢ omprise r igorous s tatistical a pproaches w hich
avoid c ommon pr oblems 1 ike ove rfitting® (Berthold a nd H and 2003 ). For t hese
reasons, K Ms such as S VM are popul ar i n fields such a s bi oinformatics and t ext
classification (Cristianini a nd S hawe-Taylor 20 00; Bennett a nd C ampbell 2000 ;
Berthold and Hand 200 3; Fradkin and Muchnik 2006). We decided to experiment
with S VMs because they have also been used with various levels of success in the
financial dom ain ( see, for e xample, Schumaker a nd C hen 2006 , Mittermayer a nd
Knolmayer 2006a , Funge ta 12005 , Antweilera nd Frank 2004 , Koppel a nd
Shtrimberg 2004, and van Bunningen 2004 in Chapter 3). SVMs have also been used
quite s uccessfully i n t ime s eries f orecasting, which i s be yond t he s cope o fo ur

research (but see, for example, Tay et al 2003).

* Overfitting is said to occur when false relations are detected that are “the effect of chance and do not
reflect any underlying property of the data” (Berthold and Hand, 2003, pp.176-177).
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In an early p aper, Cortes and V apnik ( 1995) defined a s upport ve ctor ne twork a s

follows:

“The support-vector network implements the following idea: it maps the input
vectors into some high dimensional feature space Z through some non-linear
mapping chosen a priori. In this space a linear decision surface is constructed
with special properties that ensure high generalization ability of the network”
(p.274).

Some of t he ma jora dvantageso fS VMsis th atth eya re ablet oo ptimise
generalisation bounds (i.e. minimise the upper bound of the generalisation error) and
they are capable of dealing with hundreds of thousands of examples (Joachims 1998;
Berthold and Hand 2003; Tay et al 2003). F or an overview of how SVMs can be

applied to text categorisation in general, see Joachims (1998).

Different types of S VM exist, including the maximal margin classifier and the soft
margin optimisation classifier. T he maximal margin classifier is the simplest form,
butitis notv eryuseful forreal-world p roblems e specially if th ereisn o lin ear
separation in the feature space (i.e. the data is noisy). The soft margin optimisation
classifier, on the other hand, is more complicated to understand but it has more robust

bounds that are capable of dealing with noise and outliers (Berthold and Hand 2003).

We ch ose J oachim’s S VM-Light asitis‘“ oneof them ostw idely used S VM
classificationa ndr egression pa ckage|[ sic]”( p.387). S VM-Lighti sa n
implementation of Vapnkik’s SVMs (Joachims 1998).

SVM-Light only requires two data files—a training file and a test file (see Figures 6.4
and 6.5 respectively). On the first line in Figure 6.4, the -1 specifies the class for the
first case (-1 equates to ‘down’). O nthe second line, 1 s pecifies the class for the
second case (1 equates to ‘up’). F or each case in the training file, each feature is
assigned a v alue e.g. feature 1 has a value of ‘TRUE’ which means that the feature
applies to that case and feature 2 has a v alue of ‘FALSE’, so that feature does not

apply to this case. The values for each feature are presented one after the other. The
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training and test files both take the same format. Unlike C4.5, there is no need for a
separate .names file, as the features are specified in the training and test files, along

with the values.

-1 I:TRUE 2:FALSE 3:FALSE,...,1635:TRUE
1 1:FALSE 2:TRUE 3:TRUE,...,1635:FALSE

Figure 6.4: Sample content for the SVM-Light .data training file (two cases).

-1 I:TRUE 2:TRUE 3:FALSE,...,1635:FALSE
1 1:TRUE 2:FALSE 3:TRUE,...,1635:FALSE

Figure 6.5: Sample content for the SVM-Light .test test file (two cases).

In Section 6.2.1, we discussed the benefits of using K-fold cross-validation with C4.5.
SVM-Light pr ovides for a nother t ype of ¢ ross-validation, know n a s 1 eave-one-out
estimation (Joachims 2000). With this method, one sample is removed and all others
are used for training, leading to a classification rule. T his rule is tested on the one
hold out case and this process is then repeated for all the training e xamples. T he
number of misclassifications divided by the number of cases gives the leave-one-out
estimate of the generalisation error. Essentially, this method considers the impact that
a single training example can have on the performance of the learner but this is very

small for most practical problems (Joachims 2000).

As we wanted to compare the results of the C4.5 experiments with the results from
the SVM-Light package, we decided instead to partition the data into 10 fairly equal-
sized partitions. We then tested on a different partition for each of the ten folds, using
the r emaining ni ne pa rtitions a s t raining da ta. T o c reate t he t en pa rtitions, w e
randomly generated 20% testing data and 80% training data ten times, from all the
available data. This approach is not identical to the K-fold cross validation approach
usedb y C 4.5 ( and di scussed i n S ection 6.2) , but i tdoe s m eant hat di fferent
combinations of training and test data were used at each fold. Whilst this workaround

does not guarantee that each case appears in only one test set, we think that averaging
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the results over ten folds should still be a good predictor of the model’s error rate.

SVM-Light c omprises a | earning m odule (svm_learn) and a classification m odule
(svm_classify). T ouse SVM-light, one must first learn a classification model from
the training data file using svm_learn. This model is then applied to the test data file
using svm_classify. S VM-Light output differs from C4.5 output in that it does not
report on the classification errors for the two classes separately—it only presents the
accuracy for both together. T o counteract this, we decided to train the ‘ups’ and
‘downs’ together t o ge nerate t he m odel but w et estedt he ‘ups’ and ‘downs’
separately. Again, this was a workaround, but we wanted to make the experiments as
comparable a s pos sible. T he m odel generated b y the classifier pr esents s ome
preliminary d etails in cludingt he num ber o f features, t he num ber o ft raining
documents, and the number of support vectors. Each support vector is then presented,
preceded with the alpha or weights for that vector. The model is then applied to the
training data and the number of training misclassifications is calculated. The output
on the training data also specifies the number of support vectors and the Xi-Alpha-
estimates o ft heer ror, r ecall,an dp recision. T hese X i-Alpha-estimates ar e
conservatively b iased ( see Joachims 2000 for a di scussion of t hese a nd ot her
generalisation errors ap plicable to SVMs). T he output from the test cases is fairly
straightforward—SVM-Light presents the accuracy on the test set in terms of how

many cases there were and how many were correctly and incorrectly classified.

In Sections 6.3.2 t 0 6.3.5, w e present the results from our S VM-Light e xperiments

and in Section 6.3.6 we analyse and discuss the results.

6.3.2 Classification Results for the 1997-2000 Dataset: Subset 1 (SVM-L.ight)

This experiment used 169 disclosures from the 1997-2000 dataset and comprised 90
‘ups’ and 79 ‘downs’. Each of these disclosures had one or more recognised FEPs
within them, according to our recogniser. We used 1,635 attributes for classification,
comprising 1,568 h and-chosen ke ywords, 49 t ypes of FEP, and 18 t ypes of named
entities and financial objects. T his is the same d ata that was described in S ection
6.2.2, for the C4.5 algorithm. As discussed in Section 5.5, we used keywords as well

as FEPs, because the overall FEP recognition performance was poor.
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Using our method of ten-fold cross validation (see Section 6.3.1), SVM-Light had an
average 20% error rate on the training data and an average 50.3% error rate (or 49.7%
accuracy rate) on the unseen test data (see the last row and column in Table 6.9). The
table also shows the number of errors for training and test data, for each partition.
Looking m ore closely att he ‘ups’ and ‘downs’,w ec ans eet hat SVM-Light
incorrectly c lassified on ly 30.0 % of the ‘ups’ (70% a ccuracy) but 70. 6% of t he

‘downs’ (29.4% accuracy).

# Trainin # Training cases XiAlpha- o e e
Partition cases g misclasgifie q estimate of the down (d) test and down
error cases classifications
- 18 (u) 7 (38.9%)
0 — 0,
1 136 23 (16.9%) <=94.85% 15 (d) 8 (53.3%)
- 18 (u) 4 (22.2%)
0 — | 0,
2 135 28 (20.7%) <=92.59% 16 (d) 12 (75.0%)
- 18 (u) 1 (5.6%)
0 — | 0,
3 135 41 (30.4%) <=94.07% 16 (d) 13 (81.3%)
- 18 (u) 4 (22.2%)
0 — | 0,
4 135 23 (17.0%) <=91.85% 16 (d) 15 (93.8%)
- 18 (u) 6 (33.3%)
0 — 0,
5 135 26 (19.3%) <=89.63% 16 (d) 12 75.0%)
- 18 (u) 6 (33.3%)
0 — | 0,
6 135 28 (20.7%) <=93.33% 16 (d) 13 (81.3%)
- 18 (u) 10 (55.6%)
0 — | 0,
7 135 19 (14.1%) <=94.07% 16 (d) 7 (43.8%)
- 18 (u) 5(27.8%)
0 — 0,
8 135 33 (24.4%) <=94.07% 16 (d) 13 (81.3%)
- 18 (u) 7 (38.9%)
0 — 0,
9 135 25 (18.5%) <=94.07% 16 (d) 9 (56.3%)
- 18 (u) 4 (22.2%)
0 — 0,
10 135 28 (20.7%) <=93.33% 16 (d) 11 (68.8%)
- 18 (u) 5.4 (30.0%)
0. — 0,
Average | 135 27 (20.0%) AR 16 (d) 113 (70.6%)

Table 6.9: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 1997-2000 dataset: subset 1 (SVM-Light).

6.3.3 Classification Results for the 2005-2008 Dataset: Subset 2 (SVM-L.ight)

This e xperiment us ed 2 80 disclosures from the 2005-2008 dataset, comprising 163
‘ups’ and 117 ‘downs’. Each of these disclosures had one or more recognised FEPs
within them, a ccording to our recogniser. Like the previous ex periment, w e used
1,635 attributes for classification, comprising 1,568 hand-chosen keywords, 49 types

of FEP, and 18 types of named entities and financial objects.
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Using our m ethod of ten-fold cross validation, SVM-Light had an average 35.3%
error rate on the training data and an av erage 50.4% error rate (or 49.6 % accuracy
rate) on the unseen test data (see the last row and column in Table 6.10). T he table
also shows the number of errors for training and test data, for each partition. Looking
more cl osely at t he ‘ups’ and ‘downs’, we cans eet hat S VM-Light incorrectly
classified only 1.2% of the ‘ups’ (98.8% accuracy) but 99.6% of the ‘downs’ (0.4%
accuracy), demonstrating a huge difference in accuracy levels. This seems to suggest
that SVM-Light behaved like a d efault classifier here, assigning the majority of test

cases to the class with the most data (Joachims 2000).

- # Training | # Training cases AT ) e i TSI
Partition cases misclassified estimate of the down (d) test anc} Fiovyn
error cases classifications
1 224 80 (35.7%) <=85.27% 32 8% 220(5(,)5(?/;;))
2 224 81 (36.2%) <=85.71% ;g 8% 230((10(;@) |
3 223 85 (38.1%) <=84.30% ;i 8% 5 40 ((10(;@) |
4 224 82 (36.6%) <=87.50% ;g 8% 230 ((10(;@) |
5 223 77 (34.5%) <=84.75% ;i 8% 5 40((10(;& |
6 225 75 (33.3%) <=84.89% ;g 8% 12(3“)(1* o?)%)
7 223 72 (32.3%) <=85.65% ;i 8% 2284“)(1* Og;yl:)”’
8 224 79 (35.3%) <=88.39% ;g &3 12(3“)(1_ 03;%’
9 224 81 (36.2%) <=87.95% o 8; = ((1006)/ :
10 224 78 (34.8%) <=86.16% ;g 83 230((10(;){;)(;))
Average 224 79 (35.3%) <=86.06% ;g 8; 334(51926(:’//(:.))

Table 6.10: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 2005-2008 dataset: subset 2 (SVM-Light).

6.3.4 Classification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1
and 2 (SVM-L.ight).

This experiment used all the data from the previous two experiments (Sections 6.3.2.
and 6.3.3). T here w ere 449 di sclosures, c omprising 253 ‘ups’ and 196 ‘downs’.

Each of these disclosures had one or more recognised FEPs within them, according to
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our r ecogniser. Like t he pr evious t wo e xperiments, w e us ed 1,63 5 attributes f or
classification, ¢ omprising 1,568 ha nd-chosen ke ywords, 49 t ypes of F EP, and 18

types of named entities and financial objects.

Using our m ethod of ten-fold cross validation, SVM-Light had an average 30.6%

error rate on the training data and an average 52.7% error rate (or 47.3% accuracy
rate) on the unseen test data (see the last row and column in Table 6.11). T he table
also shows the number of errors for training and test data, for each partition. Looking
more cl osely at t he ‘ups’ and ‘downs’, w e c ans eet hat S VM-Light incorrectly
classified only 12.7% of the ‘ups’ (87.3% accuracy) but 92.6% of the ‘downs’ (7.4%
accuracy), demonstrating a huge difference in accuracy levels. Again, it seems as if

SVM-Light behaved like a default classifier here.

# Training | # Training cases _XiAIpha- # Up () and oo IO
Dartition cases misclassified estimate of the | down (d) test and down

error cases classifications

1 359 117 (32.6%) <=88.86% » 23 386((1952'.7322)

2 359 100 (27.9%) <=88.30% » 23 385((185§7;ﬁ;2)

3 359 113 (31.5%) <=88.86% 25 8; 380(5%2%)

4 358 112 (31.3%) <=87.99% 45;(1) 83 32 8'59.2@0)

5 358 112 (31.3%) <=89.39% i(l) &3 397((1972'.650@2)

6 359 111 (30.9%) <=87.47% o) 3 54 6%

7 359 113 (31.5%) <=88.30% ié &3 % 8293/))

8 359 102 (28.4%) <=88.30% 0 3 (54.6%

9 359 107 (29.8%) <=88.58% ié 8; 378((1937'.74:33)

10 359 114 (31.8%) <=88.02% 25 8; 3? Sf (;/%)
Average 359 110 (30.6%) <=88.41% gé 83 366':51 ((1922760@3)

Table 6.11: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 1997-2000 and 2005-2008 datasets: subsets 1 and 2 (SVM-Light).
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6.3.5 Classification Results for the 2005-2008 Dataset: Subset 3 (SVM-L.ight)

This experiment used 1,246 disclosures that were filed for the 50 S&P500 companies,
during the p eriod 20 05-2008. O nly t he di sclosures that w ere <5 Okb in size were
used. E ach di sclosure ha d one or m ore ke ywords a nd possibly one or m ore
recognised FEP, named entity or type of financial object. A s discussed in Section
5.3.2, a significant number of cases did not have any recognised FEPs. We conducted
this experiment to see if a larger dataset changed the results in any way, and to see if

the lack of FEPs in the majority of the disclosures improved or worsened the results.

Using our method of ten-fold cross validation , S VM-Light had an average 33.0%
error rate on the training data and an average 49.0% error rate (or 51.0% ac curacy
rate) on the unseen test data (see the last row and column in Table 6.12). The table
also shows the number of errors for training and test data, for each partition. Looking
more cl osely at t he ‘ups’ and ‘downs’, w e ¢ an s ee t hat S VM-Light i ncorrectly
classified only 12.2% of the “ups’ (87.8% accuracy) but 85.7% of the ‘downs’ (14.3%

accuracy), demonstrating a huge difference in accuracy levels.

# Trainin # Training XiAlpha- # Up (u) and # Incorrect up
Partition cases g cases estimate of the down (d) test and down
misclassified error cases classifications
135 (u) 11 (8.1%)
0, — [}
1 996 339 (34.0%) <=93.17% 115 (d) 97 (84.3%)
135 (u) 23 (17.0%)
0, — [}
2 996 341 (34.2%) <=92.47% 115 (d) 98 (85.2%)
135 (u) 11 (8.1%)
0, — [}
3 996 349 (35.0%) <=93.17% 115 (d) 99 (86.1%)
135 (u) 20 (14.8%)
o, — 0,
4 996 304 (30.5%) <=93.78% 115 (d) 92 (80.0%)
_ 135 (u) 16 (11.9%)
0 — | 0,
5 996 350 (35.1%) <=93.27% 115 (d) 100 (87.0%)
_ 135 (u) 25 (18.5%)
0 — | 0,
6 996 321 (32.2%) <=93.07% 115 (d) 95 (82.6%)
_ 135 (u) 10 (7.4%)
0 — | 0,
7 997 329 (33.0%) <=93.38% 114 (d) 104 (91.2%)
_ 135 (u) 12 (8.9%)
0 — | 0,
8 996 349 (35.0%) <=92.87% 115 (d) 104 (90.4%)
_ 134 (u) 14 (10.4%)
0 — | 0,
9 997 340 34.1%) | <=93.18% 115 (d) 98 (85.2%)
B 135 (u) 23 (17.0%)
0 — 0,
10 996 319 (32.0%) <=92.87% 115 (d) 99 (86.1%)
135 (u) 16.5 (12.2%)
() = [
Average 996 334 (33.0%) <=93.11% 115 (d) 98.6 (85.7%)

Table 6.12: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 2005-2008 dataset: subsets 3(SVM-Light).
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6.3.6 Analysis and Discussion: SVM-Light Results

Looking at the error rates on t raining data for all four e xperiments, it ranged from
20.0% (subset 1) to 35.3% (subset 2), averaging at about 30.0%. Ideally, these error
rates need to be significantly lower, if we want to secure low error rates on test data.
In Section 6.5, w e will present e xperiments w hich us ed S VM-Light and n -grams,
rather than FEPs and keywords, for classification. These additional experiments were
undertaken as a baseline approach, to determine the value (if any) of using FEPs for

classification.

Int he 1997 -2000 experiment (Section 6.3.2),t he a verage a ccuracy on ‘up’ and
‘down’ test cas es was 49.7%. Inthe 2005 -2008 experiment (Section 6.3.3), the
average accuracy was 49.6%. If we were to randomly assign each disclosure to the
‘up’ or ‘down’ category, we might expecta 50-50 result. Usingthis very crude
measure, w € can s ee t hat o ur r ecogniser and S VM-Light y ielded slightly lo wer
results, f or bot h da tasets. T he average e rror rate overall four experiments w as

50.6%, just marginally above chance.

Looking m ore c loselya tt he ‘ups’ and ‘downs’ separately fort he fi rstt wo
experiments, we can see that SVM-Light correctly classified 70.0% of'the ‘ups’ but
only 29.4% of the ‘downs’ (subset 1) and 98.8% of the ‘ups’ and 0.4% of the ‘downs’
(subset 2). Asdiscussed in Section 6.2.6 (C4.5 analysis and discussion), there were
an uneven number of ‘ups’ and ‘downs’ in each experiment, so an alternative method
of evaluating the performance is to compute the proportion of ‘ups’ and ‘downs’ in
our s ample da taset a nd us et hose va lues a s be nchmarks w hen e valuating t he
performance of bot h s ystems, r ather t han random as signment. If wew eret o
arbitrarily classify all casesas ‘up’ or ‘ down’, we w ould hope t hat our s ystem’s

accuracy outperforms the actual proportion of “ups’ or ‘downs’.

Looking first at the ‘ups’ in the 1997-2000 dataset (subset 1), there were 90 ‘ups’ in
the dataset of 169 disclosures (53.3%). SVM-Light correctly classified 70.0% of the
‘ups’, so our prototype recogniser and SVM-Light yielded improved results over the
arbitrary classification m ethod. H owever, i f w e c ompute s imilar va lues for t he

‘downs’, w e find t hat t he da taset c omprises 46 .7% ‘downs’, but our system only
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correctly classified 29.4% of them. A s discussed in Section 4.2, t hese cases were
filed before the 2004 rule changes, so the filing deadlines were not as tight as they are
today and companies had greater flexibility regarding the types of events they had to
file. Unlike the C4.5 results for this period (Section 6.2.2), the ‘ups’ were easier to

classify than the ‘downs’.

Looking at the ‘ups’ in the 2005-2008 dataset (subset 2), there were 163 “ups’ in the
dataset of 280 disclosures (58.2%). If we were to arbitrarily classify every document
as ‘up’, we would be correct 58.2% of the time. H owever, our s ystem correctly
classified 98.8% of the ‘ups’, so it far outperformed the arbitrary method*'. Ifwe
compute s imilar v alues f or ‘downs’, our s ystem onl y ¢ orrectly classified 0.4%,
whereas arbitrary classification w ould yield 41. 8% a ccuracy. We know that t his
period was post the 2004 rule changes, so the filing requirements were much stricter.
We also know from Section 5.3.3, that the ‘ups’ became more precise (relative to the
‘downs’) during this period, compared to the 1997-2000 period, so the “ups’ possibly
contained less ‘noise’ than b efore and were therefore even easier to classify. T he
system pe rformed ve ry poorly with the ‘downs’, w hich could pos sibly have be en
caused b y s trategies t o di sguise ne gative ne ws i n t he m idst of not -so-important
positive news. For example, in Section 2.3, we discussed one study that identified a
shift away from the writer of the message when disclosing ne gative news in annual
reports (Thomas 1997). Thomas noted that references to negative news (caused by
nonhuman pa rticipants) w ere of ten followed u p w ith s uggestions a bout how t he
situation might improve—words such as nevertheless and however were often used to
lessen the impact. She also outlined how the use of certain words can mean different
things depending on the context. For example, if profitability is mentioned, does this
mean t he c ompany is n ow ( more) p rofitable ( compared t o pr eviously) or t hat t he

company may return to profitability at some stage in the future?

1 As discussed in Section 6.3.3, we believe SVM behaved like a d efault classifier here, assigning the
majority of cases to the class with the most data. Joachims (2000) encountered some similar findings
with a small training d ataset of Reuters news categories. Interestingly, though, in our experiments,
SVM did not appear to use the default class with the 1997-2000 dataset, which was even smaller.
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In Section 6.3.4, we discussed the S VM-Light findings when we merged the 1997 -
2000 and 2005-2008 datasets (subsets 1 and 2). We found that the average accuracy
was 47.3% for the ‘ups’ and ‘downs’. This result would not be as good as the random
classification (50-50) method. O n closer examination of the “ups’ and ‘downs’, we
can see that SVM-Light correctly classified 87.3% of the ‘ups’ but only 7.4% of the
‘downs’—these results are respectively better and 1 ower than the actual portion of
‘ups’ and ‘downs’ in th e c ombined da taset ( 56.3% and 43.7% respectively). A s
discussed previously, this dataset comprises data filed before and after the 2004 rule
changes, s o t he ¢ ontent r equirements a nd filing de adlines va ried greatly in these
disclosures. T herefore, itis difficult to tell if the 2004 rule changes i mpacted the

results.

In Section 6.3.5, we presented the results for the 1,246 8-Ks filed for the 50 S&P500
companies dur ing 200 5-2008, r egardless of whether our pr ototype r ecogniser
identified FEPs are not. Each of these cases had one or more keywords and possibly
one or more recognised FEPs, named entities or terms. The only other criterion was
that all cases were <50kb in size. In this experiment, SVM-Light correctly classified
87.8% of the ‘ups’ but only 14.3% of the ‘downs’—these figures can be compared to
the actual proportion of ‘ups’ and ‘downs’ (53.9% and 46.1% ). O nce a gain, our
prototype recogniser and SVM-Light outperformed the arbitrary classification method

for the “ups’, but not for the ‘downs’.

To s ummarise, i f w e co mpare t he act ual cl assification accu racy for the ‘ups’ and

3 bl

‘downs’ separately, w ith t he actual proportion of ‘ups’ and ‘downs’ ine ach

experiment, the results for SVM-Light using FEPs and keywords are as follows:

1997-2000 dataset (subset 1):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.

2005-2008 dataset (subset 2):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.
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1997-2000 and 2005-2008 datasets (subsets 1 and 2):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.

2005-2008 dataset (subset 3):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.

Summarising these results, we can say that SVM-Light always outperforms arbitrary
classification with the “ups’ but it never outperforms arbitrary classification with the
‘downs’.  We m ustr emember t hough t hat S VM-Light be haved likead efault
classifier, using the largest class (‘up’) as the default class. We should also note here
that the SVM-Light training error rates were quite high, ranging from 20% to 35.3%
(see Sections 6.3.2 to 6.3.5).
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6.4 Decision Tree Classification using N-Grams

In S ection 3.2, w e di scussed va rious doc ument r epresentations, i ncluding s ingle
keywords, phrases, terms, named entities, and n-grams. In Section 6.2 we presented
an overview of classification using decision trees, with a specific focus on the C4.5
suite of programs. We also presented four C4.5 experiments which used FEPs and
keywords as document features. In this section, we present C4.5 experiments which

used automatically-extracted n-grams (where n=5) as document features.

For each of these experiments, we generated a list of the top 1,000 m ost-frequently
occurring five-word n-grams for the disclosures in each dataset. Using the relevant n-
gram lists, we then automatically extracted the five-word n-grams that applied to each

disclosure.

In Sections 6.4.1 to 6.4.4, we present the results from each of these experiments:

e C(lassification Results for the 1997-2000 Dataset: Subset 1 (C4.5)

e C(lassification Results for the 2005-2008 Dataset: Subset 2 (C4.5)

e C(lassification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1 and 2
(C4.5)

e C(lassification Results for the 2005-2008 Dataset: Subset 3 (C4.5)

In Section 6.4.5, we will analyse and discuss the results from all four experiments.

6.4.1 Classification Results for the 1997-2000 Dataset: Subset 1 (C4.5)

This experiment used the 169 disclosures from the 1997-2000 dataset that were also
used in the FEP and keyword experiments with C4.5 and S VM-Light (see Sections
6.2.2 and 6.3.2 respectively). T he dataset comprised 90 ‘ups’ and 79 “ downs’, each

with one or more automatically extracted five-word n-grams.

Using ten-fold c ross validation, the C 4.5 s implified de cision trees had an a verage
17.9% error rate on the training data and an a verage 46.7% error rate (or 53.3 %
accuracy rate) on the unseen test data (see the last two rows in Table 6.13). The table

also shows the number of errors for training and test data, for each fold. For each
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fold, the rows in bold type signify the evaluations on unseen test cases.

Size before Size after Number of
Cross- Number of errors
L pruning . pruning errors on Estimated error
validation on training or tes
lidat t test o o
fold (number of dat (number of training or test | for training data
0 ata
nodes) nodes) data
L 89 18 (11.8%) 41 32 (21.1%) (38.5%)
89 6 (35.3%) 41 8 (47.1%) (38.5%)
) 83 13 (8.6%) 39 28 (18.4%) (35.2%)
83 10 (58.8%0) 39 11 (64.7%) (35.2%)
3 85 14 (9.2%) 65 17 (11.2%) (36.7%)
85 6 (35.3%) 65 5 (29.4%) (36.7%)
A 85 14 (9.2%) 37 30 (19.7%) (36.1%)
85 7 (41.2%) 37 9 (52.9%) (36.1%)
. 93 11 (7.2%) 29 32 (21.1%) (34.5%)
93 10 (58.8%0) 29 9 (52.9%) (34.5%)
. 81 17 (11.2%) 39 34 (22.4%) (39.1%)
81 6 (35.3%) 39 8 (47.1%) (39.1%)
. 89 11 (7.2%) 43 24 (15.8%) (34.3%)
89 8 (47.1%) 43 8 (47.1%) (34.3%)
. 85 13 (8.6%) 41 25 (16.4%) (34.2%)
85 7 (41.2%) 41 8 (47.1%) (34.2%)
. 87 14 (9.2%) 47 26 (17.1%) (36.7%)
87 6 (35.3%) 47 7 (41.2%) (36.7%)
- 93 13 (8.5%) 51 24 (15.7%) (36.3%)
93 7 (43.8%) 51 6 (37.5%) (36.3%)
Train
( ) 87.0 13.8 (9.1%) 432 27.2 (17.9%) (36.2%)
average):
Test
( ) 87.0 7.3 (43.2%) 432 7.9 (46.7%) (36.2%)
average):

Table 6.13: Number of errors and tree sizes for the 1997-2000 dataset: subset
1 (C4.5).

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table
6.14 provides a confusion matrix for the simplified trees on the test cases, showing
how the misclassifications were distributed. In the first fold, C4.5 classified 9 test

cases as UP (second row, last column) but only 3 of these were correctly classified
193



(second row, second column). C 4.5 classified 8 c ases as DOWN (second row, last
column) and 6 of these were correctly classified (second row, third column). In the

second and third columns, figures highlighted in bold indicate correct classifications.

Fold () (b) Classified as Total # classifications (C4.5)

3 6 (a): class UP 9

! 2 6 (b): class DOWN 8
2 7 (a): class UP 9

2 4 4 (b): class DOWN 8
6 3 (a): class UP 9

3 2 6 (b): class DOWN 8
4 6 3 (a): class UP 9
6 2 (b): class DOWN 8

s 3 6 (a): class UP 9
3 5 (b): class DOWN 8

3 6 (a): class UP 9

° 2 6 (b): class DOWN 8
4 5 (a): class UP 9

! 3 5 (b): class DOWN 8
4 5 (a): class UP 9

8 3 5 (b): class DOWN 8
5 4 (a): class UP 9

° 3 5 (b): class DOWN 8
i 7 2 (a): class UP 9
4 3 (b): class DOWN 7

Total 43 47 (a): class UP 90
32 47 (b): class DOWN 79

Table 6.14: Confusion matrix for the 1997-2000 dataset: subset 1 (C4.5).

If we add all the correct UP classifications, we find that 43/90 UP classifications were
correctly classified (47.8%). If we compute a similar value for the DOWNs, we find
that 47/79 (59.5%) were correctly classified. A discussion o fthese results can be

found in Section 6.4.5.
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6.4.2 Classification Results for the 2005-2008 Dataset: Subset 2 (C4.5)

This experiment used the 280 disclosures from the 2005-2008 dataset that were also

used in the FEP and keyword experiments with C4.5 and S VM-Light (see Sections

6.2.3 and 6.3.3 respectively). The dataset comprised 163 ‘ups’ and 117 ‘downs’, each

with one or more automatically extracted five-word n-grams.

Using te n-fold c ross va lidation, the C 4.5 s implified de cision trees had an a verage

24.4% error rate on the training data and an average 49.3% e rror rate (or 50.7%

accuracy rate) on the unseen test data (see the last two rows in Table 6.15). The table

also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.

e Size before Number of Size after Number of
ross-
. pruning errors on pruning errors on Estimated error
validation
i (number of | training or test (number of | training or test | for training data
0
nodes) data nodes) data
L 93 42 (16.7%) 35 65 (25.8%) (36.9%)
93 16 (57.1%) 35 14 (50.0%0) (36.9%0)
) 107 42 (16.7%) 43 66 (26.2%) (39.4%)
107 11 (39.3%) 43 16 (57.1%) (39.4%)
3 101 36 (14.3%) 63 49 (19.4%) (35.9%)
101 17 (60.7%) 63 17 (60.7%) (35.9%0)
A 109 46 (18.3%) 27 75 (29.8%) (39.1%)
109 12 (42.9%) 27 15 (53.6%0) (39.1%)
. 103 46 (18.3%) 45 67 (26.6%) (39.3%)
103 12 (42.9%) 45 12 (42.9%) (39.3%)
6 119 42 (16.7%) 39 64 (25.4%) (37.7%)
119 42 (16.7%) 39 16 (57.1%) (37.7%)
. 105 43 (17.1%) 33 67 (26.6%) (37.9%)
105 13 (46.4%) 33 13 (46.4%0) (37.9%)
. 107 41 (16.3%) 65 49 (19.4%) (37.2%)
107 12 (42.9%) 65 11 (39.3%) (37.2%)
o 89 44 (17.5%) 47 58 (23.0%) (36.8%)
89 11 (39.3%) 47 12 (42.9%) (36.8%0)
o 99 46 (18.3%) 63 55 (21.8%) (38.8%)
99 13 (46.4%) 63 12 (42.9%) (38.8%0)
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Train
103.2 42.8 (17.0%) 46.0 61.5 (24.4%) (37.9%)
(average):
Test
103.2 13.2 (47.1%) 46.0 13.8 (49.3%) (37.9%)
(average):

Table 6.15: Number of errors and tree sizes for the 2005-2008 dataset: subset
2 (C4.5).

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table
6.16 provides a confusion matrix for the simplified trees on the test cases, showing
how the misclassifications were distributed. In the first fold, C4.5 classified 16 test
cases as UP (second row, l ast column) and 13 of t hese w ere co rrectly classified
(second row, second column). C4.5 classified 12 cases as DOWN (second row, last
column) but only 1 of these was correctly classified (second row, third column). In

thes econda ndt hird ¢ olumns, f igures hi ghlightedi nbol di ndicate co rrect

classifications.
Fold (@) (b) Classified as Total # classifications (C4.5)
0 13 3 (a): class UP 16
11 1 (b): class DOWN 12
9 8 8 (a): class UP 16
8 4 (b): class DOWN 12
. 11 5 (a): class UP 16
12 0 (b): class DOWN 12
q 12 4 (a): class UP 16
11 1 (b): class DOWN 12
s 12 4 (a): class UP 16
8 4 (b): class DOWN 12
5 8 8 (a): class UP 16
8 4 (b): class DOWN 12
; 11 5 (a): class UP 16
8 4 (b): class DOWN 12
. 10 7 (a): class UP 17
4 7 (b): class DOWN 11
g 11 6 (a): class UP 17
6 5 (b): class DOWN 11
10 11 6 (a): class UP 17
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6 5 (b): class DOWN 11
107 56 (a): class UP 163
Total
82 35 (b): class DOWN 117

Table 6.16: Confusion matrix for the 2005-2008 dataset: subset 2 (C4.5).

If we add all the correct UP classifications, we find that 107/163 UP classifications
were correctly classified (65.6%). If we compute a similar value for the DOWNSs, we
find that 35/117 (29.9%) were correctly classified. A discussion of these results can
be found in Section 6.4.5.

6.4.3 Classification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1
and 2 (C4.5)

This experiment used the 449 disclosures from the 1997-2000 and 2005-2008 datasets
that were also used in the FEP and keyword experiments with C4.5 and SVM-Light
(see Sections 6.2.4 and 6.3.4 respectively). The dataset comprised 253 “ups’ and 196

‘downs’, each with one or more automatically extracted five-word n-grams.

Using te n-fold c ross va lidation, the C 4.5 s implified de cision trees had an av erage
25.3% error rate on the training data and an average 48.1% error rate (or 51.9 %
accuracy rate) on the unseen test data (see the last two rows in Table 6.17). The table
also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.

e Size before Number of Size after Number of
ross-
o pruning errors on pruning errors on Estimated error
validation . . .
tald (number of | training or test (number of training or test | for training data
0
nodes) data nodes) data
L 169 67 (16.6%) 109 85 (21.0%) (39.0%)
169 21 (46.7%) 109 20 (44.4%) (39.0%)
. 161 75 (18.6%) 73 106 (26.2%) (39.5%)
161 22 (48.9%) 73 23 (51.1%) (39.5%)
3 161 78 (19.3%) 85 104 (25.7%) (40.3%)
161 16 (35.6%) 85 18 (40.0%) (40.3%)
4 169 78 (19.3%) 63 107 (26.5%) (38.6%)
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169 24 (53.3%) 63 25 (55.6%0) (38.6%)
. 159 80 (19.8%) 63 112 (27.7%) (39.7%)
159 25 (55.6%0) 63 26 (57.8%) (39.7%)
6 171 75 (18.6%) 93 98 (24.3%) (39.8%)
171 25 (55.6%0) 93 21 (46.7%) (39.8%)
. 167 76 (18.8%) 71 106 (26.2%) (39.0%)
167 21 (46.7%) 71 23 (51.1%) (39.0%)
. 149 83 (20.5%) 87 100 (24.8%) (39.8%)
149 15 (33.3%) 87 19 (42.2%) (39.8%)
. 147 83 (20.5%) 75 101 (25.0%) (38.5%)
147 21 (46.7%) 75 24 (53.3%) (38.5%0)
o 159 85 (21.0%) 89 103 (25.4%) (40.9%)
159 19 (43.2%) 89 17 (38.6%0) (40.9%0)
Train
( ) 161.2 78.0 (19.3%) 80.8 102.2 (25.3%) (39.5%)
average):
Test
( | 161.2 20.9 (46.6%) 80.8 21.6 (48.1%) (39.5%)
average):

Table 6.17: Number of errors and tree sizes for the 1997-2000 and 2005-2008
datasets: subsets 1 and 2 (C4.5).

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table

6.18 provides a confusion matrix for the simplified trees on the test cases, showing

how the misclassifications were distributed. In the first fold, C4.5 classified 25 test

cases as UP (second r ow, last column) and 15 of t hese w ere co rrectly classified

(second row, second column). C4.5 classified 20 cases as DOWN (second row, last

column) and 10 of these were correctly classified (second row, third column). In the

second and third columns, figures highlighted in bold indicate correct classifications.

Fold (@) (b) Classified as Total # classifications (C4.5)
n 15 10 (a): class UP 25
10 10 (b): class DOWN 20
» 15 10 (a): class UP 25
13 7 (b): class DOWN 20
. 11 14 (a): class UP 25
4 16 (b): class DOWN 20
4 13 12 (a): class UP 25
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13 7 (b): class DOWN 20

14 11 (a): class UP 25

> 15 5 (b): class DOWN 20
15 10 (a): class UP 25

° 11 9 (b): class DOWN 20
- 13 12 (a): class UP 25
11 9 (b): class DOWN 20

14 12 (a): class UP 26

8 7 12 (b): class DOWN 19
14 12 (a): class UP 26

° 12 7 (b): class DOWN 19
15 11 (a): class UP 26

10 6 12 (b): class DOWN 18
Total 139 114 (a): class UP 253
102 94 (b): class DOWN 196

Table 6 .18: C onfusion matrix forthe 1997-2000 a nd 2005-2008 da tasets:
subsets 1 and 2 (C4.5).

If we add all the correct UP classifications, we find that 139/253 UP classifications
were correctly classified (54.9%). If we compute a similar value for the DOWNs, we
find that 94/196 (48.0%) were correctly classified. A discussion of these results can
be found in Section 6.4.5.

6.4.4 Classification Results for the 2005-2008 Dataset: Subset 3 (C4.5)

This e xperiment us ed t he 1,246 di sclosures from the 2005 -2008 da taset t hat w ere
used in earlier experiments with C4.5 and SVM-Light (see Sections 6.2.5 and 6.3.5
respectively). T he dataset comprised 672 ‘ ups’ and 574 ¢ downs’, each with one or

more automatically extracted five-word n-grams.

Using te n-fold c ross va lidation, the C 4.5 s implified de cision trees had an a verage
35.4% error rate on the training data and an average 49.6% error rate (or 50.4 %
accuracy rate) on the unseen test data (see the last two rows in Table 6.19). The table
also shows the number of errors for training and test data, for each fold. For each

fold, the rows in bold type signify the evaluations on unseen test cases.
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Size before Number of Size after Number of )
Cross- ) ) Estimated
o pruning errors on pruning errors on
validation . . error for
(number of training or test (number of training or test .
fold training data
nodes) data nodes) data
L 237 352 (31.4%) 83 398 (35.5%) (43,0%)
237 55 (44.0%) 83 60 (48.0%) (43.0%)
) 259 360 (32.1%) 53 439 (39.2%) (44.1%)
259 53 (42.4%) 53 62 (49.6%) (44.1%)
3 267 332 (29.6%) 121 375 (33.5%) (42.7%)
267 78 (62.4%) 121 69 (55.2%) (42.7%)
A 257 335 (29.9%) 123 381 (34.0%) (43.4%)
257 61 (48.8%) 123 61 (48.8%) (43.4%)
. 251 336 (30.0%) 85 403 (36.0%) (43.1%)
251 67 (53.6%) 85 67 (53.6%) (43.1%)
6 251 337 (30.1%) 119 384 (34.3%) (43.5%)
251 60 (48.0%) 119 63 (50.4%) (43.5%)
. 251 340 (30.3%) 69 412 (36.7%) (43.3%)
251 60 (48.4%) 69 67 (54.0%) (43.3%)
. 231 351 (31.3%) 99 396 (35.3%) (43.6%)
231 51 (41.1%) 99 56 (45.2%) (43.6%0)
o 255 352 (31.4%) 97 395 (35.2%) (43.3%)
255 53 (42.7%) 97 50 (40.3%) (43.3%)
10 249 345 (30.7%) 115 384 (34.2%) (43.2%)
249 62 (50.0%0) 115 63 (50.8%0) (43.2%)
Train
250.8 344.0 (30.7%) 96.4 396.7 (35.4%) (43.3%)
(average):
Test
250.8 60.0 (48.1%) 96.4 61.8 (49.6%0) (43.3%)
(average):

Table 6.19: Number of errors and tree sizes for the 2005-2008 dataset: subset
3 (C4.5).

Looking more closely at the performance of the ‘ups’ and ‘downs’ separately, Table
6.20 provides a confusion matrix for the simplified trees on the test cases, showing
how the misclassifications were distributed. In the first fold, C4.5 classified 67 test
cases as UP (second r ow, l ast column) and 5 0 o f't hese w ere co rrectly classified
(second row, second column). C4.5 classified 58 cases as DOWN (second row, last

column) but only 15 of these were correctly classified (second row, third column). In
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thes econd a ndt hird ¢ olumns, f igures hi ghlightedi nbol di ndicate ¢ orrect

classifications.
Fold (@) (b) Classified as Total # classifications (C4.5)

q 50 17 (a): class UP 67
43 15 (b): class DOWN 58

2 49 18 (a): class UP 67
44 14 (b): class DOWN 58

g 40 27 (a): class UP 67
42 16 (b): class DOWN 58

q 47 20 (a): class UP 67
41 17 (b): class DOWN 58

= 41 26 (a): class UP 67
41 17 (b): class DOWN 58

5 40 27 (a): class UP 67
36 22 (b): class DOWN 58

- 37 30 (a): class UP 67
37 20 (b): class DOWN 57

. 47 20 (a): class UP 67
36 21 (b): class DOWN 57

g 49 19 (a): class UP 68
31 25 (b): class DOWN 56

o 44 24 (a): class UP 68
39 17 (b): class DOWN 56

Total 444 228 (a): class UP 672
390 184 (b): class DOWN 574

Table 6.20: Confusion matrix for the 2005-2008 dataset: subset 3 (C4.5).

If we add all the correct UP classifications, we find that 444/672 UP classifications
were correctly classified (66.1%). If we compute a similar value for the DOWNSs, we
find that 184/574 (32.1%) were correctly classified. A discussion of these results can

be found in the next section.
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6.4.5 Analysis and Discussion: C4.5 Results

Looking at the error rates on training data for all four n-gram experiments, it ranged
from 17.9% (1997-2000 dataset, subset 1) to 35.4% (2005-2008 d ataset, subset 3),
averaging at about 25.8 %. Inthe summary to this c hapter ( Section 6.7), we will
compare these r elatively high e rror r ates w ith t hose f rom t he e quivalent C 4.5

experiments where we used FEPs and keywords rather than n-grams.

In the 1997-2000 dataaset (Section 6.4.1), the average accuracy on ‘up’ and ‘down’
test cases was 53.3%. Inthe 2005 -2008 experiment (Section 6.4.2), t he av erage
accuracy was 50.7%. If we were to randomly assign each disclosure to the ‘up’ or
‘down’ category, we might expect a 50-50 result; in this case, use of n-grams and
C4.5 w ould out perform chance for both experiments, a Ithough t he figure for t he

2005-2008 experiment is only marginally better-than-chance.

On c loser e xamination of t he ‘ups’ and ‘ downs’, w e found that th e ¢ lassifiers
correctly ¢ lassified 47.8% of t he ‘ ups’ a nd 59.5% of t he © downs’ (1997-2000
experiment, s ee S ection 6.4.1). As discussed earlier, a m ore a ppropriate ba seline
approach is to compare these figures with arbitrary classification, taking the actual
proportion of ‘ups’ and ‘ downs’ in our da tasets into account. Inthe 1997-2000
experiment, 53.3% of the d ataset comprised ‘ups’ so n-gram c lassification did not
yield improved results over arbitrary classification (compare 47.8% with 53.3%). As
regards the ‘downs’, which comprised 46.7% of the dataset, n-gram classification did

yield improved results over arbitrary classification (compare 59.5% with 46.7%).

If we conduct a similar analysis onthe 2005 -2008 da taset, w here t he classifiers
correctly classified 65.6% of the ‘ups’ and 29.9% of the ‘downs’, we find that n-gram
classification out performed a rbitrary c lassification w ith t he “ ups’ ( compare 65.6 %
accuracy w ith t he a ctual pr oportion of ° ups’ which w as 58.2% ) but it did not
outperform arbitrary classification with the ‘downs’ (compare 29.9% accuracy with

the actual proportion of ‘downs’ which was 41.8%).

In Section 6.4.3, we discussed the accuracy of n-gram classification when we merged

the 1997 -2000 and 200 5-2008 da tasets. W e found that 54.9% o fthe ‘ ups’ were
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correctly classified. N-gram classification did not outperform arbitrary classification
because the actual proportion of ‘ups’ was 56.3%. R egarding the ‘downs’, n-gram
classification did outperform arbitrary classification as the accuracy was 48.0% which

compares favourably with the actual proportion of ‘downs’ which was 43.7%.

Finally, in Section 6.4.4, we discussed the results for 1,246 8 -Ks filed for 50 S &P
companies during 2005 -2008. T he average accuracy for ‘ ups’ w as 66. 1%, w hich
compares favourably w ith t he r esults t hat w ould be a chieved us ing arbitrary
classification (53.9%). Regarding the ‘downs’, the average accuracy was only 32.1%

which falls well below the result that would be achieved with arbitrary classification

(46.1%).

To s ummarise, i f w e c ompare t he classification accuracy o f‘ ups’ an d * downs’
separately with the actual proportion of ‘ups’ and ‘downs’ in each ex periment, the

results for C4.5 using n-grams are as follows:

1997-2000 dataset (subset 1):

e (4.5: ‘ups’ does not outperform arbitrary classification.

e (4.5: ‘downs’ outperforms arbitrary classification.

2005-2008 dataset (subset 2):
e (C4.5: ‘ups’ outperforms arbitrary classification.

e (4.5: “‘downs’ does not outperform arbitrary classification.

1997-2000 and 2005-2008 datasets (subsets 1 and 2):
o (4.5: ‘ups’ does not outperform arbitrary classification.

e (4.5: “‘downs’ outperforms arbitrary classification.

2005-2008 dataset (subset 3):
e (C4.5: ‘ups’ outperforms arbitrary classification.

e (4.5: ‘downs’ does not outperform arbitrary classification.
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Summarising these results, we can say that C4.5 outperforms arbitrary classification
with the ‘ups’ in two of the four experiments, when n-grams were used as document
features. In both cases, the data was from the 2005-2008 period, which could suggest
that n -grams were more u seful predictive features for ‘u ps’ after t he 2004 r ule
changes. Asregards the ‘downs’, C4.5 also outperforms arbitrary classification on
two occasions—once with the 1997-2000 dataset but also when pre- and post-2004
datasets were combined. Therefore, we cannot definitely say that n-grams are more

or less useful predictive features for ‘downs’ pre- or post- the rule changes.

6.5 Support Vector Machine Classification using N-Grams

In S ection 6.3.1 w e pr esented a n ove rview of ¢ lassification us ing s upport v ector
machines, w ith a s pecific focus ont he S VM-Light pr ogram. In S ection 6.4, w ¢

outlined how we automatically extracted the n-grams for our experiments.

In S ections 6. 5.1 to 6. 5.4, w e pr esentt her esults f roma num ber of n -gram

experiments which used SVM-Light for classification:

e C(lassification Results for the 1997-2000 Dataset: Subset 1 (SVM-Light)

e C(lassification Results for the 2005-2008 Dataset: Subset 2 (SVM-Light)

e C(lassification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1 and 2
(SVM-Light)

e C(lassification Results for the 2005-2008 Dataset: Subset 3 (SVM-Light)

In S ection 6.5. 5, w e w ill a nalyse a nd di scuss the r esults f rom each o f't he f our

experiments.

6.5.1 Classification Results for the 1997-2000 Dataset: Subset 1 (SVM-L.ight)

This experiment used the 169 disclosures from the 1997-2000 dataset that were also
used in the experiments described in Sections 6.2.2 (C4.5 with FEPs and keywords),
6.3.2 (SVM-Light with FEPs and ke ywords), and 6.4.1 (C4.5 with n-grams). The
dataset co mprised 90 ¢ ups’a nd 79 © downs’, e ach comprising one or m ore

automatically extracted five-word n-grams.
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Using our m ethod of ten-fold cross validation, SVM-Light had an average 28.1%
error rate on the training data and an average 46.8% error rate (or 53.2% accuracy
rate) on the unseen test data (see the last row and column in Table 6.21). The table
also shows the number of errors for training and test data, for each partition. Looking
more ¢ loselyatthe ‘ ups’ and * downs’, w e c an s ee t hat S VM-Light incorrectly

classified only 21.1% of the ‘ups’ (78.9% accuracy) but 72.5% of the ‘downs’ (27.5%

accuracy).

B S Tasfining # Training ?(iAIpha— # Up (u) and # Incorrect up

Partition cases _ cases estimate of the down (d) test and down
misclassified error cases classifications

1 135 41 (30.4%) <=91.85% o 23 122((1715',1(%2)

2 135 41 (30.4%) <=94.07% i 23 D ((1665;72;)@3)

3 135 36 (26.7%) <=94.81% o &3 142((2725'.2(:@3)

4 135 38 (28.1%) <=94.81% }2 Eﬁ.ﬁ 132((1765'.7(:@3)

5 135 42 (31.1%) <=90.37% o Egg 143((2821'.230{2)

6 135 29 (21.5%) <=91.11% - &3 152((2775'%3)

7 135 32 (23.7%) <=94.07% 12 &3 g gégzﬁg

8 136 42 (30.9%) <=94.12% 12 23 141 ((2723'.23@)

9 135 38 (28.1%) <=94.07% 12 23 161 ((3635;.35:@3)

10 135 39 (28.9%) <=95.56% i 23 133((1861' ZZ)
Average 135 38 (28.1%) <=93.48% }2 83 131' ?6((2712'.150@)

Table 6.21: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 1997-2000 dataset: subset 1 (SVM-Light).

6.5.2 Classification Results for the 2005-2008 Dataset: Subset 2 (SVM-L.ight)

This e xperiment us ed t he 280 di sclosures t hat were also used in the e xperiments
described in Sections 6.2.3 (C4.5 with FEPs and keywords), 6.3.3 (SVM-Light with
FEPs and ke ywords), and 6.4.2 (C4.5 with n-grams). T he dataset c omprised 163
‘ups’ and 117 “downs’, each comprising one or more automatically extracted five-

word n-grams.
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Using our m ethod of ten-fold cross validation, SVM-Light had an average 39.3%
error rate on the training data and an average 49.0% error rate (or 51.0% accuracy
rate) on the unseen test data (see the last row and column in Table 6.22). The table
also shows the number of errors for training and test data, for each partition. Looking
more ¢ loselyatthe ‘ ups’ and * downs’, w e c an s ee t hat S VM-Light i ncorrectly

classified only 5.5% of the ‘ups’ (94.5% accuracy) but 92.5% of the ‘downs’ (7.5%

accuracy).
Partition 5 T(:?Si:; ng # Tcr:sI:s_"Tg esti)r(rzgig T)?_the got\fv?l ((l:i)) atltre]sdt d?)\I/\?nC(():Ir ;ggitﬁlégg 223
misclassified error cases
1 224 85(37.9%) | <=82.59% 33 8; N ((195i 23//))
2 224 03 (41.5%) | <=81.70% 3421 8; 240((10(:&)
3 224 88 (39.3%) | <=82.59% 3421 &3 21 ((91'33/3/1)
4 223 93 (41.7%) | <=82.06% 9 &3 ) 40((10(;)6(’3/0 |
5 224 86 (38.4%) | <=83.48% gg &3 ) 811/(;/20)
6 225 90 (40.0%) | <=82.22% 3? &3 213 ((31'53%
7 224 88 (39.3%) | <=82.59% > 8; ” ((91(10//))
8 223 82 (36.8%) | <=81.61% 33 8; lé 8'90,02/?%,)
9 224 86 (38.4%) | <=82.14% 9 8; o 8'90,02/?%,)
10 223 91 (40.8%) | <=82.06% 33 8; 211 ((31(())0//))
Average 224 88(39.3%) | <=82.30% 9 83 ' 8'25;/32,)

Table 6.22: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 2005-2008 dataset: subset 2 (SVM-Light).

6.5.3 Classification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1
and 2 (SVM-L.ight)

This e xperiment us ed the 449 di sclosures t hat were also us ed in t he e xperiments
described in Sections 6.2.4 (C4.5 with FEPs and keywords), 6.3.4 (SVM-Light with
FEPs and keywords), and 6.4.3 (C4.5 with n-grams). The data comprised 253 “ups’
and 196 ‘downs’, each comprising one or more automatically extracted five-word n-

grams.
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Using our m ethod of ten-fold cross validation, SVM-Light had an average 38.7%
error rate on the training data and an average 50.0% error rate (or 50.0% accuracy
rate) on the unseen test data (see the last row and column in Table 6.23). The table
also shows the number of errors for training and test data, for each partition. Looking
more ¢ loselyatthe “ ups’ and * downs’, w e c an s ee t hat S VM-Light incorrectly

classified only 8.6% of the ‘ups’ (91.4% accuracy) but 91.3% of the ‘downs’ (8.7%

accuracy).
Partition 5 T(:?Si:; ng # Tcr:sI:s_"Tg est??rﬁg r2>a11_the got\fv?l ((l:i)) atltre]sdt diwncg[ggscitfﬁ:zgggs
misclassified error cases

1 360 136 (37.8%) | <=87.22% gg 8; 394((1887'920@3)
2 358 140 39.1%) | <=86.87% ful) 8; 3515 8592@))
3 359 133 (37.0%) | <=86.91% gé &3 364((1817'?20@0))
4 359 129 (35.9%) | <=86.91% ié &3 3451 878;/?%)
5 358 146 (40.8%) | <=86.87% i(l) &3 4% ((51'3((;/3/1)
6 359 | 135(37.6%) | <=87.47% 0 33 5%
7 359 150 (41.8%) | <=87.47% ié &3 319 ((21'(())((;/3/1)
8 358 131 (36.6%) | <=86.59% 45;(1) 8; 3411 %59;@))
9 358 140 (39.1%) | <=86.87% i(l) 8; 3411 Eésoé%
10 359 146 (40.7%) | <=87.19% ié 8; 32 8283//))

Average 359 139 (38.7%) |  <=87.04 z; 23 3222 ng_;@o)

Table 6.23: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 1997-2000 and 2005-2008 datasets: subsets 1 and 2 (SVM-Light).

6.5.4 Classification Results for the 2005-2008 Dataset: Subset 3 (SVM-Light)

This experiment used the 1,246 disclosures that were filed for 50 S&P 500 companies
during the period 2005-2008. These disclosures were also used in the e xperiments
described in Sections 6.2.5 (C4.5 with FEPs and keywords), 6.3.5 (SVM-Light with
FEPs and keywords), and 6.4.4 (C4.5 with n-grams). The data comprised 672 ‘ups’
and 574 downs’, each comprising one or more automatically extracted five-word n-

grams.
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Using our m ethod of ten-fold cross validation, SVM-Light had an average 42.9%
error rate on the training data and an av erage 48.5% error rate (or 51.5% accuracy
rate) on the unseen test data (see the last row and column in Table 6.24). The table
also shows the number of errors for training and test data, for each partition. Looking
more ¢ loselyatthe ‘ ups’ and * downs’, w e c an s ee t hat S VM-Light i ncorrectly

classified only 18.1% of the ‘ups’ (81.9% accuracy) but 78.9% of the ‘downs’ (21.1%

accuracy).
Partition 5 T(:?Si:; ng # Tcr:sI:s_"Tg esti)r(rzgig T)?_the got\fv?l ((l:i)) atltre]sdt d?)\I/\?nC(():Ir ;ggitﬁlégg 223
misclassified error cases

1 997 417 (41.8%) | <=91.07% }i;‘ 83 32 8?;2
2 997 417 (41.8%) | <=90.17% ﬁg 8% 32 ﬁi;ﬁfgg
3 997 440 (44.1%) | <=90.47% ﬁ g 8% 11093 ((1849’.26033)
4 997 433 (43.4%) | <=91.07% ﬁg 8% ;Z Eé}%g
5 997 | 429 (43.0%) | <=90.97% o 8% o %2%3?3
6 997 | 415(41.6%) | <=90.87% o 8% 9 E;?Zﬂfg
7 997 | 425 (42.6%) | <=91.47% o &B > 82;2;3
8 996 439 (44.0%) | <=91.47% }fﬁ 83 §3 %2233
9 998 419 (42.0%) | <=90.88% ﬁg 83 58 E;Séfjg
10 997 442 (443%) | <=91.37% ﬁ;‘ 83 1171 ((59'2(_)/503@

Average 997 428 (42.9%) |  <=90.98 }f;‘ 8; 53:? 82;33

Table 6.24: Number of errors for training cases and ‘up’ and ‘down’ test cases

for the 2005-2008 dataset: subset 3 (SVM-Light).

6.5.5 Analysis and Discussion: SVM-Light Results

Looking at the error rates on training data for all four e xperiments, it ranged from
28.1% (1997-2000, subset 1) to 42.9% (2005-2008, subset 3), averaging at 37.3%.
Ideally, these error rates need to be significantly lower, if we want to secure low error

rates on test data.
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Int he 1997 -2000 e xperiment ( Section 6.5.1) , t he a verage a ccuracy on ‘ up’ a nd
‘down’ test c ases was 53.2%. Inthe 2005 -2008 e xperiment ( Section 6.5.2) , t he
average accuracy was 51.0%. Comparing these figures to 50-50 chance, we can see
that n -grams and SVM-Light y ielded slightly better-than-chance r esults, f or bot h

datasets.

For th e first experiment, if w e c ompare th e classification accuracy o f “ ups’ and
‘downs’ t o arbitrary classification, w e find t hat S VM-Light a nd n -grams p erform
better for the ‘ups’ (compare 78.9% accuracy with 53.3% arbitrary classification) but
not for the ‘downs’ (compare 27.5% accuracy with 46.7% arbitrary classification). In
the second experiment, we find that SVM-Light and n-grams also perform better for
the ‘ups’ (compare 94.5% accuracy with 58.2% arbitrary classification) but not for

the ‘downs’ (compare 7.5% accuracy with 41.8% arbitrary classification).

This pattern continues for the remaining two experiments also. See Table 6.25 the

comparison data for each of the four experiments.

‘ups’ accuracy | ‘ups’ accuracy | ‘downs’ accuracy | ‘downs’ accuracy

using n-grams | using  arbitrary | using n-grams | using  arbitrary

and SVM-Light classification and SVM-Light classification
Experiment 1 78.9% 53.3% 27.5% 46.7%
Experiment 2 94.5% 58.2% 7.5% 41.8%
Experiment 3 91.4% 56.3% 8.7% 43.7%
Experiment 4 81.9% 53.9% 21.1% 46.1%

Table 6.25: Accuracy levels of SVM-Light and n-grams compared to arbitrary

classification (all experiments).

To summarise, if we compare the actual classification accuracy for ‘ups’ and ‘downs’
separately, w ith t he actual proportion of ‘ ups’ and ‘ downs’ i n each experiment

(arbitrary classification), the results for SVM-Light and n-grams are as follows:

1997-2000 dataset (subset 1):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.
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2005-2008 dataset (subset 2):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.

1997-2000 and 2005-2008 datasets (subsets 1 and 2):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.

2005-2008 dataset (subset 3):
e SVM-Light: ‘ups’ outperforms arbitrary classification.

e SVM-Light: ‘downs’ does not outperform arbitrary classification.

Summarising these results, we can say that SVM-Light always outperforms arbitrary

classification with the “ups’ but it never outperforms arbitrary classification with the

‘downs’. As discussedin S ection 6.3.6 ( analysis a nd di scussion of S VM-Light

results using FEPs and keywords), SVM-Light behaved like a default classifier, using

the largest class (‘up’) as the default class.
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6.6 Naive Bayes Classification using a Bag-of-Words

Approach

In this section, we first present an overview of Naive Bayes, one of the methods we
adopted as a baseline approach. We then present the results from a number of Naive
Bayes experiments in Sections 6.6.2 to 6.6.5:

e C(lassification Results for the 1997-2000 Dataset: Subset 1 (Naive Bayes).

e C(lassification Results for the 2005-2008 Dataset: Subset 2 (Naive Bayes).

e C(lassification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1 and 2

(Naive Bayes).
e C(lassification Results for the 2005-2008 Dataset: Subset 3 (Naive Bayes).

In S ection 6.6.6, w e w ill a nalyse a nd di scuss t he r esults f or e ach o f't he f our

experiments.

6.6.1 Background to Naive Bayes

In Section 3.2, w e provided an overview of automatic text classification. We also
outlined t he t ypical s teps r equired t o g enerate a doc ument r epresentative from an
inputtext,soitcanb eus edb y ana utomaticr etrieval s ystem. A doc ument
representative can contain features such as single words, n-grams, phrases, terms, or
named e ntities. We al so highlighted c ommonly-used feature s election me thods
including the bag-of-words approach, information gain, TF*IDF, and the vector space
model. In our experiments, we used a N aive Bayes (NB) classifier with the bag-of-
words r epresentation, as itisa commonly-used b aseline approach in the financial

domain (Schumaker and Chen 2006).

The Naive Bayes (NB) classifier assumes that all document attributes (features) are
independent of one another given the context of the class; in other words, word order
is not relevant (hence t he ¢ bag-of-words’). W hilst w e mig ht n ot a gree w ith th is
assumption in the real-world, this a ssumption has been found to work surprisingly
well ( McAllum a nd N igam 1998 ). There a re several versions o f NB models,
including the binary independence model (also known as the multi-variate Bernoulli
model) and the multinomial model (Lewis 1998; Schneider 2005). The binary model
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uses bi nary w ord oc currences ( the w ord i s ei ther p resent o r ab sent), whereas t he
multinomial m odel us es w ord oc currence frequencies. We decided t o a dopt the
multinomial model, because it has been found to be more accurate than the binary
model, particularly for larger vocabulary sizes, such as those typically found on t he
Web (McAllum and Nigam 1998) and it a ccounts for doc ument I ength w ithin the
model (Lewis 1998). Also, the binary model ignores important information that may
be inherent in word frequencies (Lewis 1998). We used the Naive Bayes multinomial

classifier provided in the WEKA suite of algorithms**.

After removing stopwords and words that occurred less than twice in a document, we
calculated word f requencies for e very r emaining w ord i n e very doc ument. W e
decided not to stem the words on the assumption that stemming may cloud the impact
of various words that had the same stems. For example, we may want the classifier to
recognise t hat references t o © accounts’ m ay h ave a ne gative ¢ onnotation w hereas

references to ‘accountant’ may have a positive connotation (or vice-versa).

In Sections 6.6.2 to 6.6.5, we will present the results from four experiments and in

Section 6.6.6 we will analyse and discuss the results.

6.6.2 Classification Results for the 1997-2000 Dataset: Subset 1 (Naive Bayes)

This experiment used the 169 disclosures from the 1997-2000 dataset and comprised
90 ‘ups’ and 79 “ downs’. U sing the bag-of-words approach, each document (case)
was r epresented a s a v ector of w eights, w here t he w eights ¢ orresponded t o t he

frequencies of 6,169 words in the various cases.

Using ten-fold cross validation, the Naive Bayes (NB) algorithm incorrectly classified
47.3% of the cases, yielding a 52.7% accuracy rate. Looking more closely at the
performance of the ‘ups’ and ‘ downs’ separately, Table 6.26 provides a c onfusion
matrix, showing how the classifications and misclassifications were distributed. NB
correctly classified 35 of the 90 UP cases as UP (second row, second column) and 45

of the 79 DOWN cases as DOWN (third row, third column). In the second and third

* http://www.cs.waikato.ac.nz/ml/weka/
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columns, figures highlighted in bold indicate correct classifications.

(@) (b) Classified as Total # classifications (NB)
35 55 (a): class UP 90

Total
34 45 (b): class DOWN 79

Table 6 .26: C onfusion matrix for t he 1997 -2000 da taset: subset 1 (Naive
Bayes)

6.6.3 Classification Results for the 2005-2008 Dataset: Subset 2 (Naive Bayes)

This e xperiment us ed the 280 di sclosures from the 2005 -2008 da taset, comprising
163 “ups’ and 117 “downs’. O nce again, each case was represented as a vector of
weights, where the w eights c orresponded to the frequencies 09,218 words in the

various cases.

Using ten-fold cross validation, the NB algorithm incorrectly classified 48.9% of the
cases, yielding a 51.1% accuracy rate. Looking more closely at the performance of
the ‘ups’ and ‘downs’ separately, Table 6.27 provides a confusion matrix, showing
how th e c lassifications a nd mis classifications w ere d istributed. N B ¢ orrectly
classified 96 of the 163 UP cases as UP (second row, second column) but only 47 of
the 117 DOWN cases as DOWN (third row, third column). In the second and third

columns, figures highlighted in bold indicate correct classifications.

(@) (b) Classified as Total # classifications (NB)
96 67 (a): class UP 163

Total
70 47 (b): class DOWN 117

Table 6 .27: C onfusion matrix for t he 2005 -2008 da taset: subset 2 (Naive
Bayes)
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6.6.4 Classification Results for the 1997-2000 and 2005-2008 Datasets: Subsets 1
and 2 (Naive Bayes)

This experiment used all the data from the previous two experiments (Sections 6.6.2.
and 6. 6.3). T here w ere 449 di sclosures in t otal, c omprising 253 ¢ ups’ and 196
‘downs’. E ach case wasr epresented as a v ector o fw eights, w here t he w eights

corresponded to the frequencies of 11,803 words in the various cases.

Using ten-fold cross validation, the NB algorithm incorrectly classified 49.4% of the
cases, yielding a 50.6% accuracy rate. Looking more closely at the performance of
the ‘ups’ and ‘downs’ separately, T able 6.28 provides a confusion matrix, showing
how th e c lassifications a nd mis classifications w ere d istributed. N B ¢ orrectly
classified 137 of the 253 UP cases as UP (second row, second column) but only 90 of
the 196 D OWN cases as DOWN (third row, third column). In the second and third

columns, figures highlighted in bold indicate correct classifications.

(@) (b) Classified as Total # classifications (NB)
137 116 (a): class UP 253

Total
106 90 (b): class DOWN 196

Table 6 .28: C onfusion matrix fort he 1997 -2000 a nd 2005 -2008 da tasets:
subsets 1 and 2 (Naive Bayes).

6.6.5 Classification Results for the 2005-2008 Dataset: Subset 3 (Naive Bayes)

This e xperiment us ed t he 1,246 di sclosures t hat w ere filed forthe 5 0 S &P500
companies, dur ing t he pe riod 2005 -2008. O nly t he di sclosures ( cases) t hat w ere
<50kb in size were used. T here were 672 “ups’ and 574 ‘downs’. Each case was
represented as a vector of weights, where the weights corresponded to the frequencies

0of 20,224 words in the various cases.

Using ten-fold cross validation, the NB algorithm incorrectly classified 51.0% of the
cases, yielding a 49.0% accuracy rate. Looking more closely at the performance of
the ‘ups’ and ‘downs’ separately, T able 6.29 provides a confusion matrix, showing

how th e c lassifications a nd mis classifications w ere d istributed. N B ¢ orrectly
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classified 347 of the 672 UP cases as UP (second row, second column) but only 263
of the 574 DOWN cases as DOWN (third row, third column). In the second and third

columns, figures highlighted in bold indicate correct classifications.

(@) (b) Classified as Total # classifications (NB)
347 325 (a): class UP 672

Total
311 263 (b): class DOWN 574

Table 6 .29: C onfusion matrix f or t he 2005 -2008 da taset: subset 3 (Naive

Bayes).

6.6.6 Analysis and Discussion: Naive Bayes Results

If w e ex amine t he o verall accu racyr ates o f ups an d d owns t ogether, w e can

summarise the results as shown in Table 6.30. Using the bag-of-words approach, the

overall accuracy decreased as the datasets increased in size.

Accuracy
Experiment 1 52.7%
Experiment 2 51.1%
Experiment 3 50.6%
Experiment 4 49.0%

Table 6 .30: O verall ac curacy ofups a nd do wnst ogether, f ora Il f our

experiments (Naive Bayes).

However, if we examine the accuracy of ups and downs separately, the results can be

summarised as shown in Table 6.31.

Ups accuracy

Downs accuracy

Experiment 1

35/90 (38.9%)

45/79 (57.0%)

Experiment 2

96/163 (58.9%)

47/117 (40.2%)

Experiment 3

137/253 (54.2%)

90/196 (45.9%)

Experiment 4

347/672 (51.6%)

263/574 (45.8%)

Table 6 .31: O verall a ccuracy of ups a nd do wns s eparately, f or a 1l f our

experiments (Naive Bayes).
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The ac curacy o ft he ‘ups’ was h ighest in e xperiment 2 ( 58.9%) and i1 ncreased
significantly ¢ ompared t o e xperiment 1 ( 38.9%), which s uggests t hat t he ba g-of-
words in the ‘ups’ were more in formative after the 2004 S EC rule changes. The
accuracy d ecreased from ex periments 2 to 4, asthe d ataset s izes increased. T he
accuracy o ft he ‘downs’ was greatesti nex periment 1 (57.0%) but de creased
significantly 1 n e xperiment 2 ( 40.2%) From experiments 2t o 3,t he ac curacy
increased as the dataset size increased, although in experiment 4 there was a marginal
decrease in performance (compare 45.8% with 45.9%). A discussion of how these
NB results co mparet o o ur ear lier decisiont ree a nd s upport ve ctor m achine

experiments can be found in the next section.

6.7 Summary

In this chapter, we presented an overview of C4.5 and SVM-Light, the two systems
we employed for classification when using FEPs and keywords. W e then presented
the results of four comparative ex periments for each system. W e also analysed and
discussed the results from each set of experiments. We found that in three of the four
experiments, C4.5 equalled or outperformed arbitrary classification with the ‘ups’ and
in t hree of t he four e xperiments, it out performed arbitrary classification w ith th e
‘downs’. W e found t hat S VM-Light a Iways o utperformed arbitrary classification
with the ‘ups’ but it ne ver out performed arbitrary classification w ith the ‘ downs’,
possibly b ecause it as signed t he 1 arger cl ass (‘up’) as the de fault. O verall, C4.5
appeared to be better than S VM-Light at i dentifying patterns in the cases, w hether
they were ‘up’ or ‘down’ cases, when FEPs and keywords were used. Our findings
show thatit is possiblet oach iever esults g reater-than-chance and a rbitrary

classification, when using FEPs and keywords as document features for classification.

We also compared the performance of FEP and ke yword classification with several
baseline a pproaches: C 4.5 c lassification w ith n-grams (Section 6.4) , S VM-Light
classification w ith n -grams (Section 6.5) ,an dt he N aive Bayes b ag-of-words
approach to classification ( Section 6.6). Our main findings c an b e summarised as

follows:
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Comparing FEP and keyword classification with n-gram classification:

We found that the n-gram training error for all four C4.5 e xperiments averaged at
25.8% (see Section 6.4.6). T he error rates for these experiments were significantly
higher t han t he e quivalent t raining e rror r ates w hen us ing C 4.5 w ith FEPs and
keywords (in the latter experiments, the average was 5.1%, see Section 6.2.6). Whilst
these training error rates are relatively high, the error rates on unseen data were not
much greater i n t he n -gram ex periments w here acc uracy av eraged at 51.6% ( see
Sections 6.4.1t 06.4.4) c omparedt ot he F EP a nd ke ywords e xperiments w here
accuracy averaged at 52.4% (see Sections 6.2.2.t0 6.2.5). In these experiments, the
use of FEPs and keywords with C4.5 proved more successful than the use of n-grams,
although t he di fference i n a ccuracy levels was min imal. See T able 6.32 f ora

summary of the average accuracy levels.

We found that the n-gram training error for all four SVM-Light experiments averaged
at 37.3% (see Section 6.5.6). The error rates for these experiments were higher than
the equivalent training error rates when using S VM-Light with F EPs and ke ywords
(in the latter experiments the average was 30.0%, see Section 6.3.6). The error rates
on unseen data were lower in the n-gram experiments w here a ccuracy averaged at
51.4% (see Sections 6.5.1 to 6.5.4) compared to the FEP and keywords experiments
where a ccuracy a veraged a t49.4% ( see S ections 6.3.2 t06.3.5) . Int hese
experiments, the use of n-grams with SVM-Light proved more successful than SVM-
Light using FEPs and ke ywords, although we should bear in mind that SVM-Light
appeared to us e the d efault c lassification ( ‘up’) on m ore t han one oc casion. S ee

Table 6.32 for a summary of these results.

Comparing FEP and keyword classification with Naive Bayes (NB) bag-of-words
classification:

Comparing the average classification accuracy on unseen data, we can conclude that
the Naive Bayes bag-of-words approach did not yield improved classification results
over C4.5 using F EPs and ke ywords but 1t did marginally out perform S VM-Light
using FEPs and keywords (see Table 6.32).
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C4.5 SVM-Light C4.5 SVM-Light Naive Bayes
(FEPs and (FEPs and (N-Grams) (N-Grams (Bag-of-Words)
Keywords) Keywords)

(Section 6.2) (Section 6.3) (Section 6.4) (Section 6.5) (Section 6.6)
52.4% 49.4% 51.6% 51.4% 50.9%

Table 6 .32: Average classification accuracy for all four experiments using
C4.5, SVM-Light, and Naive Bayes, with various document content features

(FEPs and keywords, n-grams, and a bag-of-words).

So, what can we conclude from all these findings? As shown in Table 6.32, the two
highest average accuracy rates were for C4.5 with FEPs and keywords (52.4%) and
C4.5 us ing n -grams ( 51.6%). W hilst C 4.5 using FEPs a nd k eywords ( 52.4%)
performed better than Naive Bayes bag-of-words classification (50.9%), the relatively
small improvement in overall classification accuracy could lead one to argue that this
small improvement is not worth the computational effort required to parse disclosures
for FEPs, particularly as there is no definitive list of FEPs and recall will suffer as a

result.

However, we must also bear in mind that C4.5 found the ‘ups’ easier to classify than
the ‘downs’. C onsider, for example, the 63.2% classification accuracy achieved for
‘ups’ in the 2005-2008 dataset (subset 2) (see Section 6.2.3). If an investor was to
invest solely based on © up’ predictions, he/she could potentially make a significant
profit. Whilst determining the profitability of various trading strategies is beyond the

scope of this research, we do recommend further work in this area, in Chapter 7.

Finally, whilst some aspects of our research are similar to other automatic financial
analysis s tudies t hat us ed ke ywords, n -grams, or t he ba g-of-words a pproach (see
Chapter 3 for a d etailed literature review), these studies are not directly comparable
with ours as they either had different goals, used different data sources, and/ or used
different methods. Many of these studies also used different evaluation metrics. In
the next c hapter, we will summarise our findings and draw conclusions from them
(Section 7.2). In Section 7.3 w e will present t he s trengths and | imitations of our

research and in Section 7.4 we will present recommendations for further research.
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Chapter 7: Conclusions and Recommendations

7.1 Outline

In the previous ch apter, w e p resented t he r esults from various experiments which
used different m ethods ( decisiont ree classification, support ve ctor m achine
classification, and N aive B ayes classification) as well as different co ntent features
(FEPs and keywords, n-grams, and a bag-of-words). For each method, we described
the s ystems w e ch ose, before providing the results of our e xperiments. W e then

analysed and discussed the results for each method.

In this final chapter, we will summarise our key findings ( Section 7.2), outline the
strengths and weaknesses of our approach and highlight some important contributions
(Section 7.3), and recommend areas worthy of future research (Section 7.4). Finally,

in Section 7.5, we will conclude with a summary of the chapter.

7.2 Summary of Key Findings

In Chapter 5, w e discussed the de velopment of the prototype FEP recogniser. W e

then undertook a preliminary pattern analysis of two datasets. For both datasets, we

examined a num ber of ¢ haracteristics, 1 ncluding t he t otal num ber o f w ords, t he
number of FEP types recognised, the different FEP types recognised, and the types of

FEPs that were duplicated, in ‘downs’ and ‘ups’. During the pattern analysis phase,

we found the following:

e There were more than twice as many 8-Ks in the second dataset (2005-2008),
compared to the first, but more than three times as many words. We would
expect there to be more words in the more recent dataset as companies are now
required to file a greater number of event types and therefore it is possible that
their 8-Ks will be lengthier.

e Inthe first dataset (1997-2000), we found that there were proportionately more

words in the ‘up’ disclosures“, compared to the ‘down’ disclosures (455,730 vs.

* By ‘up’ disclosures we mean disclosures that had an increase in share price around the filing date.
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351,890). Inthe second dataset, we found that there were proportionately the
same number of words in the ‘ups’ and ’downs’. T his suggests that our ‘ups’
contained more verbose language than the ‘downs’ before the 2004 rule changes
but that the ‘ups’ and ‘downs’ were fairly similar (word-count wise) after 2004.
Either the ‘ups’ became m ore ¢ oncise t han pr eviously or the ‘downs’ became
more verbose.

Our prototype recogniser onl y s ucceeded in i dentifying one or more FEPsin
30.9% of the ‘downs’ in the first dataset and 20.4% of the ‘downs’ in the second
dataset. Similarly, the recogniser only identified FEPs in 30.8% of the ‘ups’ in
the first dataset and 24.3 % of the ‘ups’ in the second dataset. It seems that the
recogniser was less able to identify FEPs in the more recent dataset, even though
it had a larger collection of 8-Ks to work with. When examining these figures, we
must how ever be ar in mind t hat t hese figures relate t o F EPs recognised—it is
quite pos sible that there were more FEPs in these disclosures. Asar esult, we
recommend further work in this area (see Section 7.4).

When we examined the different FEP types found by the recogniser, the only FEP
typet hatap pearedt ob eco rrelated w itha ni ncreasei ns harep ricei s
fep_accountant_appointment, w hich onl ya ppearedi nt he ‘ups’ (both
datasets).

Whenw ee xamined dupl icateF EPs,w e foundt hatt he
fep_new_personnel_or_promotions was repeated in slightly more ‘downs’
but it was repeated more than twice as often in the second (more recent) dataset.
Whilst w e w ould ex pect t o find m ore o ccurrences o f the FEP inthe second
dataset, as there are more 8-Ks, we would expect it to appear more in the ‘ups’
than in the ‘downs’. O ne suggested reason for this might be that this FEP type
was repeated more in ‘downs’ to partly disguise other ne gative news or at least
reduce the likely impact. We should point out here that repetition did not affect
the classification results however, as FEPs were either present or not present in a

disclosure, as far as the classification algorithms were concerned.
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In Chapter 6, we presented the results from various experiments which used different

methods ( decision t ree classification, s upport v ector m achine cl assification, an d

Naive Bayes classification) as well as different content features (FEPs and keywords,

n-grams, and a ba g-of-words), for the classification o fF orm 8 -Ks by likely s hare

price response. Here is a brief summary of our results:

Int hree of t he f our e xperiments, C4.5 e qualled or out performed arbitrary
classification with the ‘ups’, when using FEPs and keywords as content features.
In three of the four experiments, C4.5 outperformed arbitrary classification with
the ‘downs’, when using FEPs and keywords as content features.

SVM-Light a Iways out performed arbitrary classification with the ‘ups’, w hen
using FEPs and keywords as content features.

SVM-Light ne ver out performed arbitrary classification with the ‘downs’, w hen
using FEPs and keywords as content features.

The C4.5 training error rates with F EPs and ke ywords were 1 ow, ranging from
1.6% to 8.1%.

The SVM-Light training error rates with FEPs and keywords were high, ranging
from 20% to 35.3%.

In two of the four experiments, C4.5 outperformed arbitrary classification with
the ‘ups’, when using n-grams as content features.

In two o f the four experiments, C4.5 outperformed arbitrary classification with
the ‘downs’, when using n-grams as content features.

SVM-Light a lways o utperformed arbitrary c lassification w ith th e “ ups’, w hen
using n-grams as content features.

SVM-Light ne ver out performed a rbitrary c lassification w ith the ‘ downs’, w hen
using n-grams as content features.

The C4.5 training error rates with n-grams were quite high, ranging from 17.9%
to 35.4%.

The SVM-Light training error rates with n-grams were quite high, ranging from
28.1% to 42.9%.

In the Naive Bayes bag-of-words experiments, the overall classification accuracy
of ‘ups’ and ‘downs’ together decreased as the datasets increased in size.

In the N aive Bayes b ag-of-words e xperiments, t here w as no ¢ onsistent pa ttern

regarding ‘ups’ vs. ‘downs’ classification accuracy, across all four experiments.
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So, what do all these results mean from a practical perspective? A's shown in table
6.32, t he c ombined a verage accuracy rates for all e xperiments onl y r anged f rom
49.4% ( SVM-Light us ing FEPs a nd k eywords) t 0 52.4% ( C4.5 us ing F EPs a nd
keywords), which are not much better than chance. H owever, if one was to invest
solely ba sed on © up’ predictions, t hen C 4.5 us ing F EPs a nd ke ywords ¢ ould
potentially yield a profit. As discussed in Section 3.5, Kryzanowski etal (1993)
found that ne gative cases had many more errors than the positive cases when they
used the Boltzmann Machine in a two-way classification, but we should point out that
there w ere ab out five t imes a s m any ne gative ¢ ases t han pos itive one s, i n t heir
dataset. In our case, we have more ‘ups’ than ‘downs’ but we factored this difference

into our evaluation metrics.

As discussed in Section 2.4, Lerman and Livnat (2009) examined the impact of Form
8-K disclosures filed after 2004 to see if their release diminished the impact on other
types o fd isclosures ( namely t he F orm 1 0-K a nd F orm 10-Q). O ne of t heir
conclusions was that investors and analysts possibly use these latter disclosure types
to interpret 8-Ks filed previously. A nother finding was that market reactions varied
by event—some event items c aused strong positive returns, others caused negative
returns. They also suggested that for some events, there may have been an absence of
information or inconsistent reactions (events that may have been good news for one
firm may have been bad for another). Mittermayer and Knolmayer (2006b) critiqued
the level of noise that exists in training data—for example, several Form 8-Ks could
be released in a short timeframe, e ach d escribing the s ame event. It would be a
reasonable assumption to think that only one of these 8-Ks—presumably the first (and
the FEPs contained therein)—actually had an impact on the share price. Classifiers
are likely to be impacted by this noisy data. Whilst our evaluation measures show
that the ‘up’ disclosures are easier to predict than the ‘down’ disclosures when using

C4.5 with FEPs and keywords, it is likely that these same issues impacted our results.

It is clear that more work needs to be done to improve the FEP recognition levels and
to identify nuances in negative news disclosures, if we wish to achieve better overall
classification accuracy for ‘ups’ and ‘downs’. It is possible that certain positive news

items typically appear in negative news disclosures to disguise the negative impact,
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soitmaybe possibleto identify t hese. N egative ne ws s tories tend t o be m ore

difficult t o r ead t han p ositive ne ws s tories ( see S ection 2.3) . A nother pos sible

explanation could be that there is no correlation between certain event types and share

prices.

7.3 Strengths and Limitations of our Approach

We believe our research contributes to the field in a number of ways:

Our study differs from most other studies in that we analyse complete documents
and w e us e a ¢ ombination of a ttributes ( e.g. financial ev ent p hrases, named
entities, types of financial object, and keywords) when attempting to classify 8-Ks
by likely share price response.

As outlined in Section 1.2, our prototype F EP recogniser generates out put that
could be used by investors in their toolbox. W e do not claim to have developed
the definitive solution; rather, we have identified one possible solution that could
facilitate the arduous task of analysing 8-Ks. Investors may be able to make more
informed decisions using this output.

We have identified an extensive list of financial event phrases that could be used

for a number of other purposes, including the analysis of online news sources.

In t erms of t he r eliability a nd va lidity of our findings, w e ha ve c onsidered t he

following:

We compared the results from classification ex periments w hich used FEPs and
keywords, to the results from other baseline experiments—classification using n-
grams (Sections 6.4 and 6.5) and classification using a Naive Bayes bag-of-words
approach (Section 6.6).

We a ttempted to a void s ample s election bi as by us ing 50 r andomly-chosen
companies from the S&P 500 listing, rather than focus on any one industry type.
The prototype FEP recogniser was developed by the author but ideally investment
experts should have been involved, to avoid any possible bias. Nonetheless, we
attempted to avoid event bias by focusing on all types of financial events rather
than specific events only (Antweiler and Frank 2006; Fama 1998). However, the
limitations of our prototype recogniser mean that at most 18 of the 49 FEP types
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were recognised in disclosures and for some experiments, very few F EP types
appeared in the C4.5 decision trees. On the plus side, we did not ignore bad news
events just because they may be less frequent (unlike, for example, Liu 2000).
Fama (1998) warned that many anomalies in reactions tend to vary depending on
the mo dels o r s tatistical me thodology us ed t o measure them. A soutlinedin
Section 1.3, we have assumed that all companies are equally affected by external
factors, so we have not controlled for other variables, such as firm size, book-to-
market, institutional ownership, media pessimism, and past trends ( Griffin 2003;
Tetlock 2007; Loughran et al 2008 ; Loughran and McDonald 2011b). Also, we
did n ot ev aluate m easures o ther than s hare price return; an alternative measure
could be market average return (van Bunningen 2004).

We believe our findings arer obust to a certain extent, as wetested several
methods using a number of datasets, each comprising four or more years. Also,
whilst we onl y used p rices f rom three-day w indows and did not p erform
sensitivity checks to examine the effects of other windows (unlike, for example,
Tetlock (2007), Tetlock et al (2008) and Loughran and McDonald (2011b)), we
did consider the wider price dynamics in which 8-Ks were filed (Section 4.4). As
outlined in Section 1.3, our study assumes that the market is not fully efficient and
prices react within a day to 8-Ks. As discussed in Section 2.4, Hong et al (2000)
found that n egative firm-specific news in general tends to di ffuse more slowly
across the investing public, as compared to positive news. Tetlock et al (2008),
on t he ot her ha nd, f ound t hat ne gative ne ws a bout earnings usually c auses a
reaction within a day. T hese findings s uggest that pe rhaps s ome e vents ha ve
quicker (or s lower) reaction t imes t han ot hers ( Engelberg 2008 ). A d eeper
exploration of the effects of other windows might have yielded different results.
Whilst s ome argue that intraday prices are b etter than closing prices (e.g. Fair
2000; Mittermayer and Knolmayer 2006a), it was not possible to determine the
specific time of day when the 8-K filings were posted online, so we believed it
was best to use a consistent end-of-day pricing method.

We did not experiment with alternative parameters in C4.5 or SVM-Light, in case
our methods became biased by an “inappropriate choice” (Joachims 1998, p.140).
However, w e ¢ ould pos sibly h ave ¢ onsidered a ttributes w ith di fferent ¢ osts or

used iterative training mode. W hilst we did not test specifically for overfitting,
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we di d us e c ross-validation. A Iso, ke rnel methods s uch a s s upport ve ctor
machines avoid problems like overfitting, to a certain extent.

Ideally, with a m ore efficient FEP recogniser, we would have access to a larger
dataset of 8-Ks with one or more recognised FEPs. For automatic classification to
have ag oodch ance o fs uccess,iti sn ecessaryt oh aves ufficient t raining
examples. Use o f'leave-one-out te sting in S VM-Light (Joachims 2000 ) ¢ ould

prove useful in future when trying to identify the ideal number of training cases.

7.4 Further Research

There are a number of avenues that could be taken to build on our research:

The content of 8-Ks could be examined more deeply, taking into account not just
event phrases and ke ywords, but also themes (e.g. Thomas 1997) or changes in
tone (e.g. Feldman et al 2008). These latter characteristics could potentially be
used as additional features for classification purposes. A related approach might
be to focus on specific event types only, using the findings from previous event
studies (see Section 2.4) or the FEPs that appeared in the decision tree output.
Also, as discussed in Section 3.3, Loughran and McDonald (2011b) developed a
negative word list for financial words—these words could be used to improve our
list of keywords, or even to replace it completely. Yet another approach might be
to experiment with a combination of FEPs, keywords, and n-grams, to see if the
combined features yield better results than they do on their own.

As out lined in S ection 7.3, our prototype FEP recogniser ne eds further w ork,
firstly to incorporate additional event types (e.g. those added more recently by the
SEC, see Table 4.3) so that recall will increase but also to correct any misleading
phrases t hat m ight a ffect t he pr ecision of the r ecogniser. Lerman and Livnat
(2009) recently identified some e vents that caused market reactions to 8-Ks, so
these could be incorporated into the recogniser also.

As discussedin Section 2.4, Conradetal (2002) found t hat prices tended to
respond more strongly to bad news than good news when prices are already high.
Kroha et al (2006) said that during a growing trend, optimistic investors may fail
to react q uickly to negative n ews; lik ewise, d uring a falling tr end, p essimistic

investors ma y f ail to r eact q uickly to p ositive n ews ( see S ection3.3f or a
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discussion). In Section 4.4, w ¢ examined the c ausal e ffect of 8-Ks in various
windows but as we did not cater for past trends or prices in our experiments, this
is also an area that may warrant further research.

e A th ird c lassification le vel ¢ ould be 1 ntroduced, s uch a s “ unclear’ or ‘ no
recommendation’ ( Mittermayer and K nolmayer 2006a). T his c ould reduce t he
level of noise in the ‘up’ and ‘down’ predictions.

e Asproposed by Schumaker and Chen (2006) and imp lemented by Demers and
Vega (2010), another option might be to experiment with more volatile companies
or specific industry groups outside the S&P 500.

e Rather than just focus on t he directional a ccuracy (up or dow n), the potential
profitability of t he s ystem c ould be e valuated, t aking i nto a ccount t ransaction
costs, inflation and spread (Malkiel 2007). Fungetal (2005) suggested a buy-
and-hold s trategy t o ev aluate t he p erformance. Schumaker a nd C hen ( 2006)
found t hat a hi gh di rectional a ccuracy doe s not necessarily i mply a h ighly
profitable tr ading s trategy a nd Qi ( 1999) said th at “ predictability d oes n ot
necessarily imply pr ofitability” ( p.425). Whilst our pr ediction 1 evels e quate
roughly to chance (if we consider classification of ‘ups’ and ‘downs’ together), it
is pos sible t hat t he be tter p erformance of the ‘ups’ c ould yield s ome profits.
Ultimately, how ever, o ne w ould ne ed t o d etermine i ft he e ffort i nvolved i n
recognising FEPs and classifying 8-Ks, coupled with the associated costs, would
be worthwhile in a real-world situation, particularly when n-grams and the bag-of-
words yielded broadly comparable results overall (see Section 6.7 for a summary

of the results).

7.5 Summary

In this chapter, we presented a summary of our key findings. We then outlined the
strengths and w eaknesses of our approach and hi ghlighted s ome i mportant
contributions of our research. F inally, w e r ecommended a reas w orthy of fu ture

research.
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Appendix 1: Histogram for txl days (1997-
2000)

The histogram summarises -/+ 1 day results (n=803). It is negatively skewed with a
few unusual negative results. The mean and median are both close to zero (mean = -

0.001 and median = 0). 90% of the data lie between 0 + 0.1. The range is -0.49 to

0.17.
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Appendix 2: Boxplot for tx1 days (1997-2000)

The box plot s hows little va riation a round z ero w ith s ome unus ual va lues ( circles

represent outliers, asterisks extreme outliers).
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Appendix 3: Histogram for t+5 days (1997-
2000)

The h istogram b elow s ummarises -/+ 5 days results ( n=803). Iti s r easonably
symmetric (slight negative skewness). The mean is — 0.0012 and the median = 0.01.

There is more variation in the results compared with -/+ 1 day. 90% of the values lie

in the range 0 £ 0.15. The range is -0.68 to 0.47.
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Appendix 4: Boxplot for t+5 days (1997-2000)

The box plot s hows s ome variation a round z ero w ith s ome unus ual va lues ( circles

represent outliers, asterisks extreme outliers).
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Appendix 5: Histogram for t£100 days (1997-
2000)

The h istogram b elow summarises -/+ 100 days results ( n=778). Iti ss lightly
positively skewed. The mean is 0.02 and the median = -0.02. There is considerably
more variation than in the results for -/+ 1 day or -/+ 5 days. 90% of the values lie in

the range 0 = 0.60. The range is -0.89 to 2.07.
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Appendix 6: Boxplot for t£100 days (1997-2000)

The box plot s hows s ome variation a round z ero w ith s ome unus ual va lues ( circles

represent outliers, asterisks extreme outliers).
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Appendix 7: Histogram for tx1 days (2005-2008)

The histogram summarises -/+ 1 day results (n=3247). It is reasonably s ymmetric.

The mean and median are both close to zero (mean = 0.001 and median = 0). 90% of

the data lie between 0 £ 0.07. The range is -0.58 to 0.50.
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Appendix 8: Histogram for tx1 days (2005-2008)

The box plot s hows little va riation a round z ero w ith s ome unus ual va lues ( circles

represent outliers, asterisks extreme outliers).
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Appendix 9: Histogram for t+5 days (2005-2008)

The h istogram b elow s ummarises -/+ 5 days results ( n=3247). Iti s r casonably
symmetric. The mean is 0.0006 and the median is zero. There is more variation in the
results compared with -/+ 1 d ay. 90% of the values lie inthe range 0 + 0.12. The

range is -0.63 to 0.71.
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Appendix 10: Boxplot for t+5 days (2005-2008)

The box plot s hows s ome variation a round z ero w ith s ome unus ual va lues ( circles

represent outliers, asterisks extreme outliers).
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Appendix 11: Histogram for t£100 days (2005-
2008)

The h istogram b elow s ummarises -/+ 100 days results (n=3226). It is r easonably
symmetric. The mean is -0.016 and the median is zero. There is considerably more

variation than in the results for -/+ 1 day or -/+ 5 days. 90% of the values lie in the

range 0 £ 0.50. The range is -0.9 to 1.39.
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Appendix 12: Boxplot for tx100 days (2005-
2008)

The box plot s hows s ome variation a round z ero w ith s ome unus ual va lues ( circles

represent outliers, asterisks extreme outliers).
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Appendix 13: Time Seriesfor Halliburton Co.
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Appendix 14: Time Seriesfor Morgan StanleyDean
Witter & Co.
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Appendix 15: Time Seriesfor Nike Inc.
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Appendix 16: Time Seriesfor Red Hat Inc.
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Appendix 17: Time Seriesfor Lincoln National Corp.
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Appendix 18: Time Seriesfor O'Reilly Automotive Inc.
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Appendix 19: Time Seriesfor Dr Horton Inc.
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Appendix 20: Sample Phrases for Employment-
Related FEPs

fep_accountant_appointment

e has dismissed the firm of (type accountant or accountant name)
e appointment as (something) principal accountants was terminated

e selected (something) to replace (type accountant or accountant name)

e has dismissed (type accountant or accountant name)

fep_accountant_appointment
e cngaged the accounting firm of (type accountant or accountant name)
e cngaged (type accountant or accountant name)

e selected (something) (type accountant or accountant name) to replace

fep_new_personnel_or_promotions

e will join (something) (type company or employee) as
(type _company or employee)

e appointed (something) as (type company or employee)

e plans to elect (something) as (type company or employee)

e will become (type company or employee)

e will take over from

e has been named (type company or employee)

fep_potential_new_personnel
e the board has retained an executive search firm to seek

e additions to the office of the president are also expected

fep_remain_as_personnel

¢ shall hold office until

e will continue to serve on

e will continue as (type company or employee)

¢ will remain actively involved
262



fep_resignation_or_leaving

company is willing to accept such resignation

(type_company or employee) will be leaving (something) in order to pursue
other interests

has resigned as the (type company or employee)

resigned upon consummation of the merger

resigned as the (type_company or employee)

fep_layoff_or_dismiss_personnel

any existing employment agreements with other employees of the company shall
have been terminated
eliminated approximately (something) positions related to

is laying off approximately (something) employees

fep_potential_employment_problems

has at times experienced and continues to experience difficulty in recruiting
qualified personnel

loss of the services of any of the company’s key employees could have a material
adverse effect on

there can be no assurance that the company will retain key

(type _company or employee) or attract such personnel in the future

the loss of services of key personnel could have a material adverse effect on the

company
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Appendix 21:

Entities, and Types of Financial Object

FEP Types

1.
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fep accountant dismissal

fep accountant appointment

fep new_ personnel or promotions
fep potential new_personnel

fep remain_as personnel

fep resignation or leaving

fep layoff or dismiss personnel
fep potential employment problems

fep_acq ag and plan_of merger or reorg

. fep_amend agreement and plan of merger

. fep_close agreement and plan_of reorganization
. fep_securities_purchase agreement

. fep_stock option _agreement or plan

. fep_rights plan issue offer or agreement

. fep_amend rights plan issue offer or agreement
. fep_stock offering

. fep_private placement

. fep_cancel private placement of stock

. fep_dividend_distribution

. fep_indenture

. fep_purchase agreement

. fep_amend purchase agreement

. fep_product_offering

. fep_cancel or postpone stock offering

. fep_stock or note conversion

. fep_stock split

. fep_reverse stock split

. fep_will or has generated revenue

. fep_will or has generated revenue decrease
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30. fep_allocation_writeoff or amortization of goodwill
31. fep no goodwill

32. fep will or has generated loss

33. fep_will or has generated income

34. fep will or has generated income decrease

35. fep_adopt strategy or plan

36. fep_has or will adopt financial standard

37. fep_adopt resolution to designate or create stock
38. fep copyright infringement

39. fep counterclaim

40. fep_meets or_expects to _meet listing requirements
41. fep_hasnt or mightnt meet listing requirements

42. fep granted an_exception

43. fep _change state of incorporation

44. fep relocation

45. fep_could would can_expect material adverse effect
46. fep_could would can not expect material adverse effect
47. fep_breach

48. fep_owes compensation

49. fep to_amend general ag report doc or info

Named entities and types of financial object
. type accountant or accountant name
. type appointment or promotion
. type company or employee

. type resignation or departure

1
2
3
4
5. type stock option agreement or plan
6. type rights plan issue offer or agreement
7. type private placement of stock

8. type stock purchase agreement

9. type public stock offering

10. type_stock right or option

11. type purchase agreement
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12.

13

type acquisition _or merger

. type_loss
14.
15.
16.
17.
18.

type_income

type revenue

type stock market

type gen ag report doc or info

type valid year
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Appendix 22: List of Keywords

ability
absence
absolute
accelerate
acceleration
accept
acceptable
acceptance
accepted
access
accession
accompanying
accordance
account
accountants
accounted
accounting
accounts
accrued
accumulated
accuracy
accurate
acknowledge
acknowledged
acknowledges
acquire
acquired
acquiring
acquiror
acquisition

acquisitions

act

acting
action
actions
activities
activity
acts

actual
added
addition
additional
address
addressed
addresses
adequate
adjusted
adjustment
adjustments
administration
administrative
adopt
adopted
adoption
advance
advances
adverse
adversely
advice
advisable
advised

advisors
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affairs
affect
affected
affecting
affiliate
affiliated
affiliates
agency
agent
agents
aggregate
agree
agreed
agreement
agreements
agrees
alleged
allocated
allocation
allowance
alter
alternative
amend
amended
amendment
amendments
amortization
amount
amounts
analysis

annex



anniversary
announced
announcement
annual
anticipated
applicable
application
applications
applied
apply
appoint
appointed
appointment
appraisal
approval
approvals
approve
approved
approximately
arbitration
arbitrator
arbitrators
area

arise

arises
arising
arrangement
arrangements
article
articles
ascribed
asserted

assessment

assessments
asset

assets
assign
assigned
assigning
assignment
assigns
assistant
associate
associates
association
assume
assumed
assuming
assumption
assurance
assurances
attached
attention
attorney
attorneys
attributable
audit
audited
auditors
audits
authorities
authority
authorization
authorizations
authorize

authorized
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automatically
availability
avenue
average
award
aware
balance
balances
bank
banking
bankruptcy
bargaining
base

based
basic

basis

bear

begin
beginning
behalf
believes
beneficial
beneficially
benefit
benefits
best

bet

bid
binding
board
boards
body

bond



bonds
bonus
book
books
borne
borrower
bound
breach
breached
breaches
broker
brokerage
brokers
brought
business
businesses
buyer
bylaws
calculated
calendar
call

called
canceled
cancellation
capacity
capital
capitalization
capitalized
carry
carrying
case

cash

cause

caused
cease
central

ceo
certificate
certificates
certification
certified
chain
chairman
change
changed
character
charge
charged
charges
charter
chief
circumstance
circumstances
claim
claims

class
classification
clause
clauses
clear

client

close
closing
code
collateral

collection
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collective
collectively
combination
combined
commenced
commencement
commencing
commerce
commercial
commercially
commission
commissions
commitment
commitments
committee
common
communication
communications
companies
company
comparable
compared
compensation
compete
competent
competition
competitive
complete
completed
completion
compliance
complied

comply



compromise
computation
computer
concurrently
condensed
condition
conditions
conduct
conducted
confidential
confidentiality
conflict
conflicts
conformed
conformity
connection
consecutive
consent
consents
consequences
consideration
considered
consist
consistent
consists
consolidated
consolidation
constitute
constitutes
constituting
construction
construed

consultant

consultants
consulting
consummate
consummated
consummation
contact
contained
contemplated
contents
contingent
continue
continued
continuing
contract
contracts
contractual
contrary
contributed
contribution
contributions
control
controlled
controlling
controls
conversion
convert
converted
convertible
conveyance
cooperate
copies

copy
copyright
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copyrights
corporate
corporation
corporations
correct
cost

costs
counsel
count
counterparts
courier
course
court
covenant
covenants
coverage
covered
covering
create
created
creation
credit
creditors
cumulative
currency
current
custodian
customary
customer
customers
damage
damages

data



database
date
dated
dates
debenture
debt
debtor
debts
decision
declaration
declare
declared
decrease
decree
deed
deem
deemed
default
defaults
defend
defending
defense
deferred
deficit
defined
definitions
definitive
delay
deliver
delivered
delivering
delivery

demand

demands
department
deposit
depositary
deposited
depreciation
described
description
design
designate
designated
designation
designations
designed
desirable
destroyed
destruction
determination
determine
determined
determines
determining
develop
developed
development
differ
diluted
direct
directly
director
directors
disability

disbursements
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discharge
disclose
disclosed
disclosure
disclosures
discretion
discussed
discussions
disposal
dispose
disposed
disposition
dispute
disputes
dissenting
dissolution
distribute
distributed
distribution
distributions
distributor
distributors
district
dividend
dividends
dividing
division
document
documentation
documents
dollar
dollars

domestic



drive

due

duly

duties

duty

earlier
earliest
earnings
economic
effect
effected
effective
effectiveness
effects
efforts

elect

elected
election
electronic
eligible
employed
employee
employees
employer
employment
enable
encumbrance
encumbrances
end

ended
ending
enforce

enforceability

enforceable
enforced
enforcement
engage
engaged
engineering
enhanced
enter
entered
enterprise
entire
entirety
entities
entitled
entity

entry
environment
environmental
equal
equipment
equitable
equity
equivalent
equivalents
erudite
€SCrow
escrowed
establish
established
estimated
estimates
europe

event
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events
evidence
evidenced
evidencing
exact
exceed
exceeds
exceptions
excess
exchange
exchangeable
exchanged
excluded
excluding
exclusive
execute
executed
execution
executive
exempt
exemption
exercisable
exercise
exercised
exhibit
exhibits
exist
existence
existing
exists
expected
expects

expenditures



expense
expenses
experience
expiration
expire
expired
express
expressed
expressly
extend
extended
extension
extent
facilitate
facilities
facility
fact
factors
facts

fails
failure
fair

fairly
faith
family
favor
favorable
federal
fee

fees
fiduciary
file

filed

filer
filing
filings
film

final
finance
financial
financing
firm
fiscal
fixed
floor
flows
force
foregoing
foreign
form
forma
forms
forward
fraction
fractional
franchise
franchises
free
frontline
full

fully
fund
funds
furnish
furnished

future
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gaap

gain
general
generality
generally
genius

give

giving

good
goods
goodwill
governed
governing
government
governmental
grant
granted
grantee
grantor
grants

greater

gross

group
growth
guarantee
guarantor
guaranty
hand
hardware
harmless
hazardous
headings
health



held

high
historical
hold

holder
holders
holding
holdings
holds

hours
hundred
identification
identified
illegal
immediately
impact
impair
imposed
improvements
inaccuracy
incentive
include
included
includes
including
inclusion
income
incorporated
incorporation
increase
increased
increases

mncur

incurred
indebtedness
indemnification
indemnified
indemnify
indemnifying
indemnitee
indemnity
indenture
independent
index
indirect
indirectly
individual
individually
industrial
industry
information
infringement
initial
injunction
inquiry
insiders
insolvency
instructions
instrument
instruments
insurance
intangible
integral
integrated
integration

intellectual
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intended
intends
intent
intention
interactive
interest
interests
interfere
interim
internal
international
internet
interpretation
inure
invalid
inventory
investigation
investment
investments
investor
investors
involve
involved
involving
irrevocable
irrevocably
irs

issuable
issuance
issue

issued
issuer

issues



item
items
joint
jointly
judgment
july
junior
jurisdiction
jurisdictions
key

kind
knowledge
labor
language
lapse

law

laws
leading
lease
leased
leasehold
leases
legal
legally
legend
lender
lesser
letter
letters
level
liabilities
liability
liable

license
licensed
licenses
licensing
lien

liens

lieu

life

light
limit
limitation
limitations
limited
limiting
line
liquidation
list

listed
listing
lists
litigation
loan
loans
local
located
long
longer
loss
losses
lost
made
mail

mailed
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maintain
maintained
maintenance
major
majority
make

makes
making
management
manager
managing
mandatory
manner
manufacturing
mark
market
marketable
marketing
markets
marks
material
materially
materials
matter
matters
maximum
meaning
meanings
means
meeting
meetings
member

members



memorandum
merge
merged
merger
message
method
methods
milestone
million
minimum
miscellaneous
misleading
misrepresentation
modification
modified
modify
money
month
months
mortgage
multiplied
multiplying
mutual
mutually
named
names
nasdaq
national
nature
nearest
necessary
negotiation

negotiations

net
network
nonassessable
normal
note

notes
notice
notices
notification
notified
notify
notwithstanding
number
numbers
object
obligated
obligation
obligations
obtain
obtained
obtaining
occur
occurred
occurrence
occurring
occurs
offer
offered
offering
offers
office
officer

officers
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offices
official
omision
omission
omissions
omit
omitted
open
operate
operated
operating
operation
operations
opinion
opinions
opportunity
option
options
oral

order
orders
ordinary
organization
organized
original
originator
outstanding
overnight
owned
owner
ownership

owns

page



paid

par
paragraph
parent
park

part
participate
participating
participation
parties
partner
partners
partnership
party

past

patent
patents
pay
payable
paying
payment
payments
payroll

pc
penalties
penalty
pending
pension
percent
percentage
perform
performance

performed

period
periods
permit
permits
permitted
person
personal
personally
personnel
persons
pertaining
phone
place
placement
plan
planning
plans
platforms
platinum
pledge
policies
policy
pooling
portion
position
possession
post
postage
potential
power
powers
practicable

practice
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practices
pre
precedent
preceding
preemptive
preference
preferences
preferred
preliminary
premises
premium
prepackaged
prepaid
preparation
prepare
prepared
present
presented
presently
preserve
president
press
prevent
previously
price
prices
primarily
primary
principal
principles
prior
privacy

private



privileges
pro
procedures
proceeding
proceedings
proceeds
process
produce
product
products
professional
profit
profits
program
programs
prohibited
prompt
promptly
promulgated
proper
properly
properties
property
proportion
proposal
proposed
proprietary
prospects
prospectus
protect
protection
provide

provided

provider
providing
provision
provisions
proxies
proxy
public
publicly
published
purchase
purchased
purchaser
purchasers
purchases
purchasing
purpose
purposes
pursuant
qualification
qualifications
qualified
qualify
quarter
quarterly
quorum
quotation
rata

rate

rates

ratio
rational
read

real
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reason
reasonable
reasonably
recapitalization
receipt

receipts
receivable
receivables
receive
received
receives
receiving
recent

recitals
reclassification
recognition
recognized
recommendation
record
recorded
records

red

redeem
redeemable
redeemed
redemption
reduce

reduced
reduction

refer

reference
references

referred



reflect
reflected
refusal
regard
register
registered
registrable
registrant
registration
registrations
regular
regulation
regulations
regulatory
reimburse
relate
related
relates
relating
relation
relations
relationship
relationships
relative
release
released
releases
relevant
reliance
relief
relieve

rely

remain

remainder
remaining
remedies
remedy

removal

reorganization

report
reported
reporting
reports

represent

representation

representative

represented
representing
represents
repurchase
request
requested
requests
require
required
requirement
requirements
requires
requiring
requisite
resale
research
reserve
reserved
reserves

resignation
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resolution
resolutions
resolved
resource
resources
respect
respective
respects
response
responsibility
responsible
restated
restricted
restriction
restrictions
restrictive
restructuring
result
resulted
resulting
results
retain
retained
retirement
return
returns
revenue
revenues
reverse
review
right

rights

rise



risk

risks
road
rounded
royalties
royalty
rule

rules
safety
salary
sale

sales
satisfaction
satisfactory
satisfied
satisfy
schedule
schedules
scope

sec

secret
secretary
secrets
section
sections
secure
securities
security
securityholder
seek
seeking
selected

sell

seller
sellers
selling
senior
sentence
separate
series
serve
server
service
services
set

sets
setting
settle
settlement
severability
severally
severance
share
shareholder
shareholders
shares
sharing
sheet
sheets
short
shown
signature
signatures
signed
significant

similar
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single
site
software
sold

sole
solely
solicit
solicitation
solution
solutions
soon
sought
source
south
special
specific
specifically
specified
split
standard
standards
standing
state
stated
statement
statements
states
stating
status
statute
statutes
statutory

sterling



stock
stockholder
stockholders
stolen

stop
storage
strategic
strategy
sub
subdivision
subject
sublicense
submission
submitted
subscription
subsection
subsequent
subsidiaries
subsidiary
subsidies
substance
substantial
substantially
successor
successors
suffered
sufficient
suit

suite

suits

sum
summary

summit

superior
supplement
supplemental
supplemented
supplements
supplied
supplier
suppliers
supply
support
surrender
surrendered
survival
survive
surviving
suspension
system
systems
table
takeover
taking
tangible
target

tax

taxable
taxation
taxes

taxing

tech
technical
technological
technologies

technology
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telecopy
telephone
template
temporary
tender
term
terminate
terminated
termination
terms

test

third
threatened
time
timely
times

title

titles

tm

today

tools

total

trade
traded
trademark
trademarks
trading
transaction
transactions
transfer
transferee
transferred

transfers



transitory
transom
treasurer
treasury
treated
treatment
trust

trustee

type

unable
unaudited
uncertainties
undersigned
understanding
understandings
understands
understood
undertaking
underwriter
underwriters
underwriting
underwritten
unenforceable
union

unit

united

unpaid
unreasonably
untrue

user

users
valid
validity
validly
valuation
value
values
vendor
vendors
venture
ventures
versions
vest
vested
vesting
vice
view
violate
violation
violations
virtue
visual
void

vote
votes
voting
waive
waived
waiver

waivers

warrant
warranties
warrants
warranty
web
webmaster
weighted
whole
wholly
wide
willful
winding
windows
withdrawn
withheld
withholding
witness
words
work
working
works
world
worldwide
writ

write
writing
written
year

years



Appendix 23: Different FEP Types Recognised

in the First S&P 500 Dataset

Downs:

O NN R

Ups:

XN R

P e e ek e e el e = = \O
O 0NN B W — O

fep acq ag and plan of merger or reorg

fep allocation writeoff or amortization of goodwill
fep could would can expect material adverse effect
fep indenture

fep new_ personnel or promotions

fep purchase agreement

fep resignation or leaving

fep rights plan_issue offer or agreement

fep securities purchase agreement

. fep_stock offering

. fep_stock option agreement or plan

. fep_stock or note conversion

. fep_stock purchase agreement

. fep_stock_split

. fep_to amend general ag report doc or info
. fep_will or has generated income

. fep_will or has generated loss

. fep_will or has generated revenue

fep_accountant appointment

fep acq ag and plan of merger or reorg

fep allocation writeoff or amortization of goodwill
fep amend rights plan issue offer or agreement
fep _could would can expect material adverse effect
fep indenture

fep_new_personnel or promotions

fep purchase agreement

fep remain_as personnel

. fep_resignation_or leaving

. fep_rights plan issue offer or agreement

. fep_securities_purchase agreement

. fep_stock or note conversion

. fep_stock purchase agreement

. fep_stock_split

. fep_to amend general ag report doc or info
. fep_will or has generated income

. fep_will or has generated loss

. fep_will or has generated revenue
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Downs and Ups:

fep_accountant appointment

fep acq ag and plan of merger or reorg

fep allocation writeoff or amortization of goodwill
fep amend rights plan issue offer or agreement
fep _could would can expect material adverse effect
fep indenture

fep_new_personnel or promotions

fep purchase agreement

fep remain_as personnel

. fep_resignation_or leaving

. fep_rights plan issue offer or agreement
. fep_securities_purchase agreement

. fep_stock offering

. fep_stock option agreement or plan

. fep_stock or note conversion

. fep_stock purchase agreement

. fep_stock_split

. fep_to amend general ag report doc or info
. fep_will or has generated income

. fep_will or has generated loss

. fep_will or has generated revenue
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Appendix 24: Different FEP Types Recognised
In the Second S&P 500 Dataset

Downs:

fep _accountant dismissal

fep_acq ag and plan_of merger or reorg

fep allocation writeoff or amortization of goodwill
fep_amend rights plan issue offer or agreement
fep could would can expect material adverse effect
fep_new personnel or promotions

fep purchase agreement

fep remain_as personnel

9. fep resignation or leaving

10. fep_rights plan_issue offer or agreement

11. fep_securities purchase agreement

12. fep_stock or note conversion

13. fep stock purchase agreement

14. fep _stock split

15. fep to amend general ag report doc or info

16. fep_will or has generated income

O NN R

1. fep accountant appointment

2. fep accountant dismissal

3. fep acq ag and plan of merger or reorg

4. fep dividend distribution

5. fep_indenture

6. fep meets or expects to meet listing requirements
7. fep new personnel or promotions

8. fep private placement

9. fep purchase agreement

10. fep_remain_as_personnel

11. fep resignation or leaving

12. fep securities purchase agreement

13. fep_stock or note conversion

14. fep stock purchase agreement

15. fep to amend general ag report doc or info
16. fep will or has generated income

17. fep_will or has generated revenue

Downs and Ups:

1. fep accountant appointment

2. fep accountant dismissal

3. fep acq ag and plan of merger or reorg

4. fep allocation writeoff or amortization of goodwill
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fep_amend rights plan issue offer or agreement
fep could would can expect material adverse effect
fep dividend distribution

fep indenture

fep_meets or expects to _meet listing requirements

. fep_new_ personnel or promotions

. fep_private placement

. fep_purchase agreement

. fep_remain_as personnel

. fep_resignation_or leaving

. fep_rights plan issue offer or agreement
. fep_securities purchase agreement

. fep_stock or note conversion

. fep_stock purchase agreement

. fep_stock_split

. fep_to amend general ag report doc or info
. fep_will or has generated income

. fep_will or has generated revenue
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Appendix 25: Different FEP Types Appearing

in C4.5 Decision Trees

e fep accountant appointment

e fep accountant dismissal

e fep acq ag and plan of merger or reorg

o fep allocation writeoff or amortization of goodwill
e fep dividend distribution

e fep new personnel or promotions

e fep purchase agreement

e fep remain as personnel

e fep resignation or leaving

e fep rights plan issue offer or agreement

e fep securities purchase agreement

e fep stock or note conversion

e fep stock purchase agreement

e fep to amend general ag report doc or info

e fep will or has generated income
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