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One of the most difficult tasks facing anyone who must compile or maintain any large,
collaboratively-written document is to foster a consistent style throughout. In this thesis,
we explore whether it is possible to identify stylistic inconsistencies within documents
even in principle, given our understanding of how style can be captured statistically.

We carry out this investigation by computing stylistic statistics on very small samples
of text comprising a set of synthetic collaboratively-written documents, and using these
statistics to train and test a series of neural networks. We are able to show that this
method does allow us to recover the boundaries of authors’ contributions. We find that
time-delay neural networks, hitherto ignored in this field, are especially effective in this
regard. Along the way, we observe that statistics characterizing the syntactic style of
a passage appear to hold much more information for small text samples than those

concerned with lexical choice or complexity.
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Chapter 1

Purpose and Background

1.1 Purpose

Anyone who has spent much time reading manuals, reports, textbooks or other collaboratively-
written documents can attest to the fact that such documents are often marked by a lack
of stylistic cohesiveness that makes them not only less enjoyable to read but palpably
more difficult to comprehend. Anyone whose task has been to put together such a docu-
ment will undoubtedly confirm that attempting to impose a consistent style throughout
is one of the hardest aspects of the job.

The goal of this thesis is to take a small step towards constructing software to assist
editors in their efforts to create stylistically uniform documents. This will be done by
investigating techniques for determining the boundaries between various authors’ contri-
butions in collaboratively-written documents. Such work, it is hoped, could act as the
basis for software which would not only spot stylistic discrepancies but describe those
discrepancies and suggest ways of remedying them. This investigation will also explore
several interesting theoretical questions in statistical stylometry and in particular the

application of neural networks to this field.
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1.2 Terminology

1.2.1 Our “Style”

Before we can discuss our contentions more formally, we must develop some terminology.
One of the most common content words in our study being “style”, we first discuss in
detail what we mean—and do not mean—by this highly polysemous term.

Even when confined to a strictly literary domain, style is not a simple concept to
get hold of. Those involved with modern text mark-up languages, particularly those in
the XML (Extensible Mark-up Language) family, use the term to describe aspects of a
document’s presentation that are customizable by either writer or reader. A document
should come with, or refer to, one or more “style sheets”, which describe how the contents
are to be displayed—and, at least in theory, interpreted—on some given platform, and
may be supplied by an author, the user, or even some third party. This meaning has no
relevance at all for this study; should we need to refer to the presentational aspects of
documents, we will use the less-fashionable term “format”.

“Functional style”, a term synonymous with genre, is used by some researchers in the
field of genre detection; for this usage and a general proof of the difficulty experienced
even by researchers in consistently using “style”, see Karlgren [12]. Since we may assume
that any collaboratively-written document will not contain subdocuments that could be
placed in significantly different literary genres, this use of “style” is quite out of the
scope of our work. Another use of “style” which is closer to our meaning is in the
context of categorization: researchers often talk of “formal” versus “informal” style, or
“suasive” versus “non-suasive” style. We will follow the convention of referring to this
facet of documents as their “register”. These classificatory schemes are germane to our
purposes; a document written in part formally and in part colloquially must be regarded
as highly stylistically incoherent. But, this problem is of interest to many researchers;

in information retrieval, for instance, it would be highly desirable were a user able to
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specify the register of documents of interest. There seeming to be no reason why such
techniques, when developed, should not be directly applicable to solving this aspect of
our problem, we have chosen to concentrate on another, broader, meaning of style.

For us, an author’s style is the product of all those elements of his/her idiolect—
“personal language behaviour” [16]—that can be perceived in his/her writing. It is that
elusive property of text which, in addition to (and doubtless in conjunction with) semantic
cues, enables people to decide whether two passages share a common author. Style can be
manifested at the level of the logical and syntactic structures prevalent in a text, or by the
choice of words or extent of the diction employed. We make no claim that techniques do—
or even can—exist to completely characterize a text in these deep and subjective terms.
Yet, we do maintain that such a characterization can be approximated by statistical
means, even for very short texts, and further that such approximated characterizations
can be used to infer whether two given texts are from a document produced by a single

author.

1.2.2 Specialized Terminology

We use this subsection to introduce some terminology in hopes of facilitating our descrip-
tions of our hypotheses and our attempt to validate them. For the purposes of this thesis,
a document will be viewed as consisting of a sequence of “parts”. Parts correspond to
the largest textual units of any given document which are known to have some unique
author. The critical nature of the definition of part cannot be overestimated, since the
stylometric statistics that our procedure relies upon will be computed over parts. Since
paragraphs are the largest identifiable units of text in our corpus that we can be sure have
unique authors, we assume here that a part will simply correspond to a paragraph. In
other contexts, such as textbooks, where chapters are often written by single authors, a
larger unit than a paragraph should be selected to correspond to a part; this follows from

the fact that the more text contained in parts the more accurate the statistics computed
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from those parts. We prefer to use more general language in describing our hypotheses
than simply to use paragraphs as the canonical unit of text because the type of textual
unit to be considered as indivisible will depend on the corpus.

Particularly in chapter 2, we will have occasion to discuss methods employed to indi-
cate that some particular portion of a given text has been taken from a previously-written
text or has its origins with authors other than those primarily responsible for the text as
a whole. We will term such subtexts as “quotations”. We will refer to punctuation marks
traditionally used to demarcate quotations—such as double quotes, single quotes, etc.—
as “quotation marks”. We will refer to less traditional ways of identifying quotations,
such as greater-than signs prepended to each quoted line, as “quote marks”; such are
commonly to be found in e-mail messages or USENET postings. We will also use “quote

mark” to subsume the entire class of methods and symbols used to identify quotations.

1.3 Hypothesis and Outline

The hypothesis of this thesis is that stylometric statistics easily derivable from parts of
documents can be used to determine boundaries between the contributions of different—
unknown—authors if the contributions have not been edited with a view towards ho-
mogenizing their style, even if they are very small and topically similar. To state the
proposition more specifically: in this experiment we attempt to show that it is possible to
develop a neural network which takes as input a sequence of sets of stylometric statistics,
each set computed from a paragraph of some document, and outputs a sequence of pre-
dictions regarding the location of authorship boundaries. If we are able to exhibit such
a network, and show that its performance is significantly better than that of a baseline,
we will have validated our hypothesis.

This experiment will involve several phases. First, we must select an appropriate

corpus. Then, it will be necessary to divide each document in our corpus into parts,
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recording where the authorship contribution boundaries are located and ensuring that
no obvious structural or domain-specific features exist which could bias the performance
of our networks. We will compute stylometric statistics on each of the parts and prepare
those statistics to be used to train and test various neural networks. If the results from
the neural nets are not clear, it may prove desirable to develop a baseline statistical test

for evaluating how well the neural net approach works.

1.4 Background

1.4.1 Stylometric Statistics and Style

There is considerable evidence in the literature to suggest that our hypothesis might
prove to be valid, and before we proceed to describe our experiment, we will review
some of the relevant studies. Work in “authorship attribution”—the field dedicated to
developing reliable techniques for resolving questions of disputed authorship—is partic-
ularly relevant. This relevance stems from the fact that, to ascribe a disputed work to
one of a set of putative authors, one must have some method for telling apart works
known to have been produced by each author. Since an author’s idiolect is reflected in
his/her style, style can be expected to be the most reliable indicator upon which to base
such judgements. Therefore, much work in this area has focused on quantifying authors’
styles; most of our techniques originate from this endeavour.

Although Tweedie et al [33] inform us that Augustus de Morgan postulated as early
as 1851 that differences in the lengths of words employed by authors might be used
to settle questions of authorship, it was not until the 1880’s that his idea was tested.
Probably the best-known work in authorship attribution was carried out by Mosteller
and Wallace [23], who worked on the Federalist Papers. Principally written by James
Madison and Alexander Hamilton, the authorship of the vast majority of these essays,

originally written to convince New Yorkers to ratify the U.S. Constitution, is uncontested.
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However, on the night before his death, Hamilton claimed that twelve of the papers then
believed to have been written by Madison were actually his own work. All of the essays
vary between 900 and 3500 words, according to Tweedie et al [33], and thus each one
represents a reasonably large sample of writing. Since all are of the same literary genre
and concern the same topic, and since there are many undisputed examples of each
potential author included in the set, they provide ideal conditions for testing statistical
techniques of authorship attribution against standard literary methods. The results
obtained by Mosteller and Wallace, and subsequently by many other researchers such
as Holmes et al [8], generally concur with those arrived at through commonly-accepted
literary methods, and thus lend strong support to the idea that stylometric statistics do
in fact measure some real aspect of an author’s writing.

The Federalist Papers are far from being the only instance in which disputed au-
thorship has been studied using statistical methods. In his excellent paper [7], David
Holmes mentions several examples. Chief among these have been attempts to determine
whether certain disputed plays were produced by Shakespeare, Marlowe or Fletcher. The
Bible has also attracted much interest in this field, since authorship of many portions
is unclear. Other workers, such as Lancashire [16], combine stylometric statistics and
traditional literary techniques while studying the works of a single author in detail.

We have noted above that the concept of literary genre, while irrelevant for our
present purposes, is not distant from our notion of style. Several recent papers have
examined genre from an information retrieval perspective, taking the view that it would
be highly desirable were users able to make genre-specific queries, particularly on such
a heterogeneous database as the Internet. Both Karlgren and Cutting [13] and Kessler
et al [14] have successfully used stylometric statistics to detect meaningful genres in
the Kuc¢era and Francis Corpus (otherwise known as the Brown Corpus) [15], a set of
text samples by many authors, each of approximately two thousand words, containing

slightly more than one million words in total. Although these results might be slightly
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weakened by the fact that the samples comprising the Kucera and Francis Corpus were
selected precisely to exemplify a very wide range of genres, they demonstrate clearly that
stylometric statistics can be used to discriminate genres. Both groups of researchers go
so far as to equate stylometric statistics with style, implicitly referring to their work as an
attempt to use stylistic cues to detect genre. Using a quite different set of well-accepted
stylometric statistics from either Karlgren and Cutting or Kessler et al, Mealand [21]
shows a high degree of clustering among generically-similar sections of the gospel of
Mark. While the problem of discriminating between genres is not one we address, these
results are clear evidence that stylometric statistics are useful not only for discriminating
among some small set of authors, but also for capturing deep facets of text.

All this research stands in support of the idea that stylometric statistics are, in some
measure at least, capable of capturing some aspect of style. But, while they all rely on
large samples of text, it is small samples that attract our interest in this study. In the

next subsection we describe research using smaller sample sizes.

1.4.2 Work on Small Corpora

Like ourselves, other researchers have wondered whether such good results as are noted
in the preceding subsection would be obtainable from smaller samples. One of the most
interesting studies along this line, performed by Glover and Hirst [5], had subjects write
summaries of two halves of a TV program, creating a set of artificial collaboratively-
written documents by randomly matching the beginning and ending summaries of dif-
ferent authors. This study showed that stylometric statistics could flag collaboratively-
written and non-collaboratively-written documents with reasonable probability, despite
the fact that the texts involved were almost universally less than five hundred words in
length.

Recent work by Patrick Juola [11] demonstrates a novel technique that appears to

hold particular promise. With this technique, described in detail in section 3.2 below,
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Juola uses samples as small as five hundred characters to correctly classify all the disputed
Federalist Papers.

Stamatatos et al [27] describe a complex but fascinating method for ascribing the
authorship of small samples of modern Greek text. In this method, particular sentence-
and chunk-boundary detectors are combined with a particular multi-pass parser [28] and
are used to generate a rich set of statistics on the syntax of a given document; for example,
the proportion of words not parsed after each pass of the parser is computed. Armed with
these statistics computed on a small sample of newspaper articles written by a known
set of authors, principal component analysis is used to group articles by author. While
far from perfect, the results thus obtained are very encouraging in that for most authors,
the majority of their articles that were used in the sample are present in a single cluster.
Though no controls for genre were applied, and the focus of this work is more classically

authorship-attributive than ours, it is nonetheless extremely encouraging.

1.4.3 Stylometric Statistics and Neural Networks

Most of these studies have used fairly conventional statistical techniques; however, the
use of neural nets in conjunction with stylometric statistics appears to be becoming
increasingly popular. Tweedie et al [32] present an extensive review of the uses of neural
nets in stylometry. Their own work [33] in this connection involves the Federalist Papers.
By training a single network with a small hidden layer on a subset of the function words
originally used in the study by Mosteller and Wallace, Tweedie et al not only are able to
correctly classify the disputed papers, but make interesting conjectures regarding three
papers thought to have been jointly authored by both Hamilton and Madison.

The pioneering work in the application of neural nets to stylometry, according to
Tweedie et al [32], was undertaken by Matthews and Merriam in papers such as [20]. In
this paper, a very small set of function word frequencies is used as input to a multilayer

perceptron (a neural net having a hidden layer) to examine four plays that have been



CHAPTER 1. PURPOSE AND BACKGROUND 9

attributed both to Shakespeare and John Fletcher. A large corpus of undisputed plays by
both authors exists to train this network, and the results of the study on sections of the
disputed works prove to be highly interesting, correlating reasonably well with accepted
scholarship.

Neural nets have also found recent popularity in the genre detection community.
Building on the results published by Karlgren and Cutting, Kessler et al [14] have used
neural nets to attempt to place samples from the Brown corpus into genres. Unlike
Karlgren and Cutting, Kessler et al have preferred to define their own genres, and have
implemented a much more well-motivated approach to the problem of defining precisely
what a genre is. Thus, the improvement in results that they observe comes as little sur-
prise. They also compare both a linear perceptron and a multilayer perceptron approach
with the output produced by logistic regression analysis—a technique considerably more
powerful than the simple discriminant analysis performed by Karlgren and Cutting. Both
neural nets perform better in most cases than logistic regression analysis.

So clearly our hypothesis rests on a substantial body of work, not only with respect to
the usefulness of neural nets in the field, but to the notion that, even for small samples of
writing, aspects of auctorial style can in fact be captured statistically. It is equally clear
that we propose to break new ground in a number of directions. First, we are training
our neural nets not on large corpora produced by a small number of known authors as
was done by Matthews and Merriam or Tweedie et al, but on a large corpus written
by a large number of unknown authors. Second, we propose to compute stylometric
statistics on a large number of very small samples of work. This is important since
most stylometric statistics are thought to be unreliable on small samples; [7]. Third, our
neural net architectures will of necessity have to be different than those used by previous
workers in this area, since we require our nets to tell us whether two samples are different,
rather than to fit a single sample into one of a set of classes. Finally, we propose to use

some stylometric statistics—such as distribution of punctuation—that have been widely
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ignored in the literature because researchers have felt they are prone to error [7]; we
discuss this point further in section 3.6. All this shows that while our basic tenets are

well-founded, there are many ways in which this research could prove ground-breaking.



Chapter 2

Selection and Initial Processing of

the Corpus

2.1 Selecting the Corpus

For the purposes of this experiment, we need a corpus of documents satisfying several
criteria. First, the corpus must be large—containing at least many hundreds of examples
of small samples of text produced by many different authors. While one of the advan-
tages of neural networks is their resistance to overfitting to small amounts of data, it is
certainly true that the more data that are available the better the trained networks will
be. Second, since some of our stylometric statistics will be computed from the output of
part of speech taggers, which perform poorly on poorly-written text (i.e., text with many
typing or grammatical errors), we must insist that our corpus contain writing of at least
reasonable quality. Although our techniques are directed towards characterizing the style
of authors, we must concede that we have little evidence to support the contention that
these techniques are entirely independent of topic. That is, a priori we cannot state that
our techniques are no less likely to successfully distinguish writings on closely related

topics than pieces discussing widely divergent topics. Therefore, to test our technique

11
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thoroughly we would like our corpus to be such that authors are writing about similar
issues from a similar perspective. Should we be successful, it would then be reasonable
to assume that our results would generalize to other domains.

Since it satisfies most of these requirements, we have chosen to use the Risks corpus’
as our source of documents. This corpus represents over six megabytes of unprocessed
text—very nearly one million words—and is mostly composed of small chunks. Informal
analysis indicates that several dozen authors at the very least have made contributions
to this corpus. Since this is a moderated forum, only posts with reasonably good writing
quality are included. We have some measure of topic control because of the fact that

most postings tend to relate to issues of privacy, security, or software quality.

2.2 Initial Processing: Overview

One of the drawbacks of using a newsgroup archive such as the Risks corpus is that
considerable effort needs to be expended to reduce the archive to a standard form from
which meaningful stylometric statistics can be computed. Hence, the first step in the
experiment was to write programs to perform this reduction. We discuss this effort in
detail in the remainder of this chapter.

Since the purpose of this experiment is to explore whether sets of stylometric statis-
tics can be used to determine the boundaries of authors’ contributions, any structural
characteristics of the corpus that correlate with those boundaries and any features that,
in some sense, taint the style of a particular contribution must be recognized and if pos-
sible eliminated. In this corpus, article headers, authors’ “signatures”, and text quoted
within articles all fall into these categories. Given that in this experiment parts will cor-

respond to paragraphs, to allow stylometric statistics for parts to be easily computed it is

! Forum on Risks to the Public in Computers and Related Systems (comp.risks), ACM Committee
on Computers and Public Policy, Peter . Neumann, moderator. We use every digest of this newsgroup

from Apr. 5, 1996 through Apr. 1, 1999.
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also imperative that paragraphs be formatted consistently throughout the corpus. As we
perform these modifications, we must maintain a record of exactly where the boundaries
between authors’ contributions occur so that we have a basis for training and testing the
neural nets that we will describe in chapter 5 below. In the next few sections, we provide
a rationale and detailed descriptions of the steps taken to achieve each of these goals,
and give as complete a picture as possible of the successes and limitations of the actions
we have taken.

Before continuing with these descriptions, it will be helpful to define precisely several
terms and to describe the architecture common to all the programs used to carry out
the procedure. Our corpus is divided into over two hundred files; virtually every file
conforms to a very precise format. Fach file begins with a header, which we will refer to
as the “file header”, which contains such introductory information as the issue number,
a table of contents of the articles contained in the file, and often the file’s transmission
record (most of the files having been taken from a private e-mail archive, and so having
passed from the list over the Internet to the archive.) The file header is followed by
one or more “articles”—or messages composed entirely by one author, possibly with
annotations (from the group moderator, for example) and embedded quotations by other
authors. Each article has its own “article header”, described in the next section. The
rest of the article is composed of the “article body”. With the exception of one file,
every file ends with a characteristic “file trailer”, that has the form of an article but
contains exactly the same text, describing the comp.risks newsgroup/archive/digest, in
every file. We define a “contribution” as all the text within a single article body that
was written by a single author. Fortunately, collaborative writing appears to be highly
unusual in this corpus. Hence, the assumption that there is an onto mapping between
the set of contributions and some set of authors is not unrealistic. It is of course quite
possible for a single article body to contain multiple contributions—through the author

of the article having quoted other authors, for example. The last element of an article
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may be a “signature”—text giving information about the author, such as his/her name,
affiliation, e-mail address, location, etc. We discuss signatures, and our interest in them,
extensively below in section 2.8.

All the programs—or more accurately scripts—used in this phase were written in
Perl. This language was chosen principally for its excellent pattern-matching and string-
handling facilities, as well as the ease with which one can use it to construct “filters”. By
a filter, we mean a program that accepts a file’s contents as its standard input, performs
changes to the contents, and outputs the altered text on its standard output. With the
exception of the index-building script described in section 2.9 below, all the scripts used
in this phase were filters.

The approach taken in these scripts is to read the input line by line, process it in some
way—possibly using temporary arrays—then store it in an “output array”. The contents
of this output array are then sent to standard output after all available input has been
read. While this approach requires each processed file to reside entirely in memory at
some point, and also requires at least twice the number of memory copies that would
have been needed had the processed output simply been sent to standard output as
soon as processing was complete, the current approach permits output of the filters to
be piped one to another; simply sending output to standard output before completing
reading on standard input either results in processes blocking each other—deadlock—or
in buffer overflow. Since the corpus only needed to be processed once, and all the files
are of manageable size (less than 60 kilobytes) there is no particular need to adopt the
most space- or time-efficient approach. The main justification for the approach we have
chosen is its flexibility and the ease with which the various scripts could be tested. Since
the scripts can each be called directly from the command-line, the order of calling can
be tailored to the kind of test being performed. Also, files can be partially processed
using some scripts, modified to exhibit some trait of interest, and immediately used as

input to the script currently under evaluation. Had the processing been done as a series
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of subroutine calls (arguably the most efficient method possible), this would have been
dramatically more difficult. Hence, though this approach is not optimally efficient, since
it made debugging considerably easier, accuracy of the processing can be expected to
be higher than it would have been had any of the other approaches we considered been
selected. The coordination of the filters is not difficult, and will be described in section 2.9

below.

2.3 Locating and Removing Article Headers

One of the more pleasant traits of this corpus is that article headers have a very consistent
format. Article headers have up to five lines. These are: first, 30 dashes (60 for the first
article in a file, the one immediately following the file header). This line is followed by
zero or one blank lines, then lines for the date the message was sent, from whom, and
finally a line indicating the subject of the article. We have developed a script, described
in detail below, which uses this format to replace article headers by unambiguous, easily-
identifiable tokens.

For a segment of text to be considered as a candidate for an article header, we demand
that it begin with a line consisting of exactly the correct number of dashes, as described
above, and containing no other characters. We allow the subsequent optional blank
line to contain any whitespace characters (here meaning either tab characters or space
characters.) Further, the date, from, and subject lines are permitted to begin with any
sequence of characters at all, whether whitespace or not; this is justified by the fact that,
for example, a tilde (7) precedes these lines in certain headers. The “date” line must
have the word “date:”, complete with colon, somewhere on it; the “d” may or may not be
lowercase. It must be followed by a nonempty sequence of whitespace characters, then by
at least three sequences of alphanumeric characters followed by whitespace characters or

non-alphanumeric characters. Here, non-alphanumeric characters include such characters
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as periods, colons or slashes that are often used to separate the fields of a date. This
ensures that a date will only match if the word “date” is followed by some text which
could possibly be a date in some format (either words or numbers demarcated with some
non-alphanumeric character). For the “from” fields, the word “from” may be in either
case. The word “from” must be followed by a colon, a nonempty sequence of whitespace
characters (and optional non-word characters), then two or more alphanumeric strings
of any positive length, separated by non-alphanumeric characters. This allows matching
of almost any name or e-mail address; even though very weak, this heuristic turned out
to be overly strong in several cases where an article had originated with the moderator
of the RISKS Forum, and so only the word “RISKS” followed the “from”. These cases
were corrected manually wherever found—garbage data were added to make the field
conform to expectations. The “subject” field must contain the word “subject:”, with

“s” of either case. No whitespace or non-alphanumeric characters need

colon, with the
appear between the colon and the first alphanumeric character in the subject line—but
some of either type may occur. One string of positive length of alphanumeric characters
must occur after the colon—the article must have a subject. Since all RISKS files have
tables of contents which use the information in the subject field, the assumption that at
least one identifiable word will be present is entirely valid.

Once an article header has been identified, the script substitutes for it in the output
an unambiguous, single-line token. Fifty consecutive @ signs was chosen, since a search of
the entire corpus demonstrated that nothing like this token appears in the corpus. This
substitution dramatically simplifies the deletion of article boundaries and the recording
of their location, which is performed by a subsequent script, described in section 2.9. If
the script detects a region of text that matches some, but not all, of the features of an
article header, it leaves that region unchanged in the output text.

Finally, this script also deletes the file header. This is done because the structure of

the file header is dramatically different from that of any article—it is a table of contents—
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and this would clearly skew the results of an algorithm trying to use stylistic information
to identify its boundaries. Further, since every file begins with a file header, it would be
trivial for such an algorithm to identify the file header based on structural rather than
stylistic cues. The fact that, by definition, this table of contents will be composed of
phrases chosen by different authors would also introduce noise into the computation of
an algorithm attempting to distinguish different authors on the basis of the style of the
phrases they choose; i.e. file headers are not themselves contributions, as we have defined
the term, and do not contain contributions of sufficient size to merit retaining them in
the processed corpus. Hence, the presence of file headers would introduce unnecessary
noise into the identification of subsequent contribution boundaries. So it was felt that
they should be purged for all files.

Aside from the small number of errors caused by not correctly identifying “from” fields
in article headers that were discussed above, and one or two cases in which fewer than
30 dashes were present, this script appears to be highly accurate. While no formal tests
were carried out, since this script was used in conjunction with all other scripts that were
formally tested, considerable indirect observation of its performance was made. We did
not observe a single case in which text was incorrectly classified as an article or file header.
Some cases were observed where the script generated a run-time warning regarding use
of uninitialized values, but in these cases no effect on the output was observed. No case
was observed where the script failed to identify and eliminate a file header. It seems fair
to state that the script deleted file headers and replaced article headers very reliably, and

thus that it does not introduce significant noise into the data.

2.4 Identification of Mis-Quoted “From”s

An unfortunate consequence of the fact that this corpus is composed of e-mail messages

is that some e-mail programs are in the habit of placing quote marks in front of the
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word “from” when it appears as the first word in a line. Clearly, this is done because a
“from” in this position could indicate that the following text was sent originally by some
party other than the party who sent the e-mail being read; the e-mail program is merely
reminding the reader of this possibility. By quote marks, here we refer to >, since this
symbol is most often used to indicate quoted text in the e-mail domain.

Since it is our goal to find boundaries between authors’ contributions, and hence we
need to detect quotations—text supplied by other authors—this treatment of “from”s
poses problems for us. Inasmuch as such lines are often, indeed usually, not part of quo-
tations, and are actually commonly integral parts of text, before identifying quotations
for further processing we must first ensure that lines of this type will only be treated as
quotations if they are quotations. So, we have devised a script to remove quote marks
from in front of certain “from”s. Such a “from” will be recognized if it is preceded by a
> (and possibly whitespace, possibly between the “from” and the >.) To avoid deleting
legitimately-placed quote marks, there must be no >’s at the beginning of the closest
text-bearing line to the “from” in question. That is, there must be no > (with optional
whitespace) at the beginning of the first line containing non-whitespace characters, either
before or after the line containing the “from” in question. The case of the word “from” is
not significant for this script. When the script recognizes a line containing a mis-quoted
“from”, it simply removes the quote marks at the beginning of the line.

As with the header identification script, no formal testing was done on this script.
However, when the script was evaluated on an artificial test suite, no bugs were observed.
Further, no errors have been observed in informal examination of real data treated by
the script when it was used in conjunction with other scripts that were formally tested.
It appears that this script does not introduce any noise into the data, and indeed that it

helps to decrease the overall level of noise present in the data.



CHAPTER 2. SELECTION AND INITIAL PROCESSING OF THE CORPUS 19
2.5 Locating Quotations

Of the many aspects of the e-mail domain which distinguish it from other literary forms,
one of the most striking is the profusion and structure of quotations. For research aiming
to train an algorithm to contrast authors using statistical measures of their style, little
could introduce more confusion into the data than to attribute the work of one author
wrongly to another. Viewed from this perspective it is plain that, without substantial
revision, corpora from the e-mail domain would not be at all suitable for training or test-
ing such an algorithm. Fortunately, to make it easy for humans to tell when information
is being quoted, several formatting conventions have been adopted. By using these same
formatting indicators, it has proven possible to develop an algorithm to tell quotations
apart from original text with reasonably high probability. We use this algorithm to in-
sert unambiguous markers around quoted material, as well as to remove the formatting
indicators used to identify the quotations. In this section, we discuss this algorithm and

describe the procedure used to verify its efficacy.

2.5.1 The Algorithm

The algorithm employed to detect quotations is in fact a set of rather complex heuristics,
motivated both by a knowledge of this corpus in particular and methods of quoting
generally employed on the Internet. While the most common method of quoting found
in other domains, whereby a quotation mark is applied to the beginning and the end of
a quoted passage, is used in this corpus as well, the most popular methods of indicating
quotations in the e-mail domain can be divided into two groups. In the first group,
some specific character, possibly with some whitespace added after it, is applied to the
beginning of each line being quoted. Alternatively, some fixed amount of whitespace
may be applied to each line of the text being quoted. Each of these techniques poses

interesting problems, and so they will be discussed in turn.
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We have found that three different characters—the greater-than symbol (>), colon,
and the vertical bar (|)—are placed at the beginning of lines to indicate that those lines
have been quoted. E-mailers that conform to this convention of indicating quotations
often apply these symbols automatically to messages that are being forwarded or replied
to. Furthermore, e-mail discussions often contain “threads”—series of messages in which
two or more parties respond to each other’s e-mails, often re-quoting substantial parts of
previously-seen messages in order to preserve context. All this means that these symbols
can appear, at least in theory, in arbitrarily complex combinations. In practice, we have
seen instances in this corpus where three greater-than signs were used to indicate a quo-
tation, or where two greater-than signs followed by a vertical bar were used. Hence, when
we look for a string indicating that a quotation of this form has begun, we must match on
a (possibly empty) sequence of whitespace characters, followed by a non-empty sequence
of any one of our three characters followed by a possibly empty series of whitespace char-
acters. This quotation-indicator will be terminated by a newline, or the first character
outside the set of our three quote marks and the whitespace characters. Once such a
sequence has been identified, the corresponding line of text is considered to be part of a
quotation; we assume that our procedure for handling mis-quoted “from”s has already
been run. When we first find such a sequence, we infer that a quotation has begun and
store a begin-quotation token (described below) on the line preceding in our output array.
We say that the quotation continues so long as the same pattern as was found at the
beginning of the first line in the quotation matches the beginnings of subsequent lines
that contain non-whitespace characters (we allow quotations to persist over blank lines).
The only exception to this rule is for seemingly “quoted” lines immediately preceded and
followed by non-blank, non-quoted lines. Such lines are not treated as quotations, since
the quote marks may be fulfilling some content-related function. We have not observed a
case in which a line of text was quoted in this way; authors appear to consistently isolate

single lines of quoted material. Once we have deemed a quotation to have finished, we
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insert an end-quotation token on the next line of output, and continue processing our in-
put. After the extent of a quotation has been determined, the prepended quote-indicator
characters are stripped off every line, so that the text is formatted like a regular block of
text. Also, to allow quoted paragraphs using the indented paragraph style (described in
section 2.7) to be treated correctly, we have written the script in such a way as to include
whitespace characters as part of the string to be removed from each line only when those
whitespace characters are present on all non-blank lines of the quotation. This completes
our treatment of this type of quotation.

Quotations that are indicated by prepending a certain amount of whitespace to each
line are much harder to recognize. Some authors have a habit of beginning each line of
their work exactly one space away from the left margin. While this is no doubt pleasant
aesthetically, it means that we cannot treat text indented with one space character as
quoted material. Fortunately, our testing (discussed in subsection 2.5.2 below) demon-
strates this does not lead to a significant number of false positives. Other authors do not
use a block style of paragraphing, preferring to indent the first line of each paragraph.
This means that we cannot treat a single indented line of text as a quotation if it is fol-
lowed by non-indented lines. If an indented line is preceded by non-indented text, then
it may represent the run-over of an item in a list of points to a new line; thus we cannot
treat such lines as quotations. Often, Internet URL’s or FTP site names are placed on
isolated lines and indented, in order that they may be located and cut and pasted with
greater ease. Thus, we cannot treat as a quotation an isolated line of indented text begin-
ning with a token such as “http”, “ftp”, “www”, “url”, or one of these tokens preceded
by a character such as <, which is often used to set such information off. Originally, we
had decided not to treat indented material appearing at the beginning of an article as a
quotation, since some articles begin with titles, which are almost always indented. In our
first round of testing, however, we discovered that this exception resulted in a very signif-

icant number of false negatives. It can also be argued that the structural cues provided
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by titles might make it artificially easy for an algorithm to pick out the beginning of a
contribution. Believing it better to err on the side of caution, we have eliminated this
exception. Therefore, any unit of text that begins with two or more space characters, or
with a tab character, that is not covered by any of the above exemptions is treated as a
quotation.

Indented quotations, once recognized, are treated in much the same way as quotations
indicated with special line-initial characters. Effectively, we store a begin-quotation tok