
Original Research

1. INTRODUCTION
The moment of crystallisation and theorisation 

of the methods of stylometry came in the second 
half of the 19th century with academics close to 
the Cambridge and Dublin Mathematical Journal. 
The researchers who participated in the early de-
velopment of stylometry were generally both 
philosophers and mathematicians and participated 
in the mathematical-logical foundation of comput-
er science. This paper traces the history of stylome-

try and its current uses and explores its potential 
application to professional discourse.

Stylometry is based on the principle that each 
author or organisation develops its own linguistic 
style and expression. Therefore, documents from 
an individual or an organisation can be analysed 
to identify most probable authorship. Stylometry is 
also a valuable tool in professional discourse, not 
just for identifying who wrote what and when and 
why, but also for identifying lexical and grammati-
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In an 1887 article, The Characteristic Curves of Composition, published in the journal ‘Science’ and resulting from dis-
cussions with the logician Augustus de Morgan, Mendenhall (1888) asserted that the length of words was a character-
istic capable of distinguishing authors of a literary text. This study is often considered one of the founders of stylometry 
as a discipline. This paper analyses the development of stylometry and its use as a computerised analytical tool and ex-
plores its potential as a way of identifying authors of online professional communication by the vocabulary and style 
they use. The objective of this paper is to explain the concept of stylometry as an academic methodology, how it has 
been adapted to computers and how it is used in online investigation of author and narrative identity. The methodolo-
gy is based on secondary research to explain how stylometry can be used in author definition and attribution and iden-
tification of texts. It goes on to analyse the types of stylometric entities and examines the role of computers in stylome-
try and its application to professional discourse. The study concludes that although the use of computers is an impor-
tant quantitative tool in stylometric research, in the end it is human judgement that counts.
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3. DEFINING THE AUTHOR
3.1. Author verification
Paternity verification using stylometry for online 

documents (e.g. emails, tweets) poses significant 
challenges due to the unstructured nature of these 
documents. In addition, a major requirement is 
that (repeated) authentication decisions must oc-
cur over a short period of time or over short texts 
or messages. Stylometric analysis of short mes-
sages is difficult due to the limited amount of in-
formation available for decision making. Likewise, 
most of the stylometry analysis approaches pro-
posed in the literature use a relatively large docu-
ment size which is not acceptable for continuous 
authentication.

Another important challenge to address when 
using stylometry is the threat of counterfeiting. An 
adversary with access to a user’s sample writing 
may be able to efficiently reproduce many existing 
stylometric features. It is essential to integrate spe-
cific mechanisms into the authentication system 
that would mitigate tampering attacks.

Author verification follows a typical biometric 
verification process, in which the identity of an au-
thor is verified by one-to-one matching. Some re-
searchers have studied authorship verification as a 
similarity detection problem, where the problem is 
to determine the degree of similarity given by two 
texts, by measuring the distance between them. 
Other researchers have studied this question as a 
problem with one or two classes, one class con-
sisting of documents written by the author and a 
second class consisting of documents written by 
other authors.

cal devices used in written communication, which 
can be compared with what is taught to students 
in business language textbooks. In this sense, it is 
potentially an important source of authentic lan-
guage used in professional discourse.

This study examines the background of stylom-
etry and analyses the key types of stylometric enti-
ties used to identify and verify manuscript author-
ship. It then goes on to discuss the advantages and 
disadvantages of automatic word processing and 
concludes with its application to professional and 
organisational discourse. Based on secondary re-
search, the study also includes a case study of En-
ron, the leading US finance firm that crashed in 
2001, the responsibility for which was identified 
through the stylometric analysis of employees’ 
emails using the Adaboost and SVM classifiers. It 
also examines the difference between the profes-
sional discourse language exponents taught in 
business language classes and the use of authentic 
language in business meetings to ultimately draw 
conclusions about the function of each in teaching 
professional discourse. Stylometric analysis is po-
tentially an important technology not just in verify-
ing literary narrative, but also revealing identity of 
key actors in organisational fraud and mismanage-
ment and identifying authentic business language 
which can serve as a teaching resource.

2. THEORETICAL BACKGROUND
As Sigelman and Jacoby (1996) point out, sty-

lometry is a very reliable technique and is widely 
used in literary studies but not yet in business 
communication. Stylometry is based on a principle 

widely confirmed by scientific literature: the lin-
guistic style of an individual is so particular that it 
can be used to distinguish their writing. Even a 
writer who flaunts an abstruse vocabulary will also 
need to use many mundane words. Stylisticians re-
gard style as a general predisposition toward a par-
ticular mode of expression rather than an invariant 
habit or constant. Stylometry is based on a very 
simple theory: just as each person has their own 
fingerprints or their own genome, each individual 
has their own style of writing and expression. The 
most obvious examples of this kind of style speci-
ficity are repetitions of the same spelling mistakes.

Lowe and Matthews (1995) call stylometry ‘styl-
istic statistics’ and define it as the application of 
mathematical methods to extract quantitative mea-
sures from a text. The main data that stylometry fo-
cuses on is the word and its articulation in a sen-
tence (hence the issue of punctuation). Word and 
punctuation are the raw materials of this science.

Holmes (1994), one of the most influential re-
searchers in the field of stylometry, explains that 
each text can be defined by a set of measurable 
statistical characteristics: if several documents em-
anating from the same individual have the same 
characteristics, then we can think that the author is 
making recurring use of a particular style. Holmes 
(1994) explains that there are no better criteria for 
making a comparison work between authors than 
those used in stylometric analysis. ‘The lexical lev-
el is the obvious place to initiate stylistic investiga-
tions, since questions about style are essentially 
comparative and more data exist at the lexical level 
than at any other in the form of computed concor-
dances’ (Holmes, 1994, p. 87-88).

In order to be able to study the stylistic charac-
teristics of a text by computer, they must meet a 
number of conditions described by Bailey (1969, 
p. 219): they should be ‘salient, structural, fre-
quent and easily quantifiable, and relatively im-
mune from conscious control’. When we measure 
such characteristics, we try to highlight the 
uniqueness of an individual’s handwriting and dis-
tinguish what makes their style unique from that of 
another individual. As Holmes (2004) reminds us, 
stylometry makes it possible to distinguish be-

tween true stylistic differences and variations that 
are only due to chance. The best tool to perform 
stylometric analysis of a text, that is to say con-
cretely to derive interpretable statistical indicators, 
is computer science. However, computational lin-
guistics software cannot analyse a text with the 
same depth as a human researcher.

The objects of computer analysis are of two 
types: the so-called ‘raw’ data (punctuation, char-
acter strings, syllables, etc.) and data which is in 
the order of content (themes, lexical fields, formu-
lations, language registers, vocabulary, etc.).

Writing style is an unconscious habit, which is 
different from author to author in that to express an 
idea an individual will have personal use of gram-
mar, words and punctuation. Although the style of 
writing can change a bit over time, each author ac-
tually has a recognisable stylistic tendency.

Almost all of the literature on stylometry shows 
that this methodology has three main objectives.

1. The question of authorship: who is the author 
of this text?

2. The question of verifiability: is this text from 
author X (specialists call it ‘matching’), is it from 
author Y or from X and Y?

3. The question of characterisation also called 
‘profiling’: what constitutes X’s style?

To these we can add a fourth and fifth 
objective.

4. How can stylometry be applied to profes-
sional discourse in a way that can be used to iden-
tify authors of social media posts and emails?

5. How can stylometry be used in written pro-
fessional discourse to reinforce accepted ways of 
expressing content in emails and social media 
posts?

The Internet is supposed to be a space of great 
freedom, which is particularly linked to the sup-
posedly anonymous nature of our actions on the 
web. However, not only do we know that our navi-
gation path can be easily traced thanks to our IP 
address in particular, but the writings that we pub-
lish in various social networks, forums, commer-
cial sites, etc. constitute different traces of our pas-
sage in these virtual places and above all can help 
to reconstitute our style of writing.
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3.2. Attribution and identification
Author attribution follows a typical biometric 

identification process, where the system recognis-
es an author by a ‘one to several’ comparison. The 
process consists of extracting features from sample 
texts and labelling the classes according to the au-
thors of the documents. Typical entity categories 
include lexical, semantic, syntactic, and applica-
tion-specific characteristics. This can also apply to 
SFL and professional discourse where different 
types and styles of online communication can be 
attributed to authors and organisations by the type 
of language they use. This is particularly important 
in the analysis of text classification.

Author attribution is similar to text classifica-
tion. A key difference, however, is that author attri-
bution is subject independent, while in text classi-
fication class labels are based on the subject of the 
document and features include subject dependent 
words. By being able to recognise the use of sub-
ject dependent words relevant to a particular type 
of communication, stylometry can be used to im-
prove knowledge and application of appropriate 
means of expression in emails and social media 
posts.

Despite the significant progress made in identi-
fying an author among a small group of people, it 
remains difficult to identify an author when the 
number of applicants increases or when the sam-
ple text is short as in the case of emails or online 
messages. For example, while Chaski (2005) re-
ported an accuracy of 95.70% in his work on au-
thor identification, the evaluation sample came 
from a corpus of only 10 authors.

Likewise, Hadjij et al. (2009) obtained, using 
the K-means algorithm for author identification, a 
classification accuracy of 90% with only 3 
authors; the rate decreased to 80% when the num-
ber of authors increased to 10. Hadjij et al. (2009) 
also proposed another approach called Author-
Miner, which consists of an algorithm that cap-
tures frequent lexical, syntactic, structural and 
content-specific patterns. The experimental evalua-
tion used a subset of the Enron dataset, varying 
from 6 to 10 authors, with 10 to 20 text samples 
per author. The accuracy of perpetrator identifica-

tion decreased from 80.5% to 77% as the size of 
the perpetrator population increased from 6 to 10. 
Hadjij et al. (2009) used the C4.5 and SVM classi-
fiers to determine authorship and assessed the pro-
posed approach using a subset of three authors 
from the Enron dataset. They obtained correct clas-
sification rates of 77% / 71% for sender identifica-
tion, 73% / 69% for sender-recipient identification, 
and 83% / 83% for sender identification.

The issue of author attribution is particularly 
important in identifying the actual author of a dis-
puted anonymous document. In the literature, au-
thor identification is considered to be a problem of 
text categorisation or text classification. The 
process begins with data cleansing followed by 
feature extraction and normalisation. Each suspect 
document is converted into a feature vector; the 
suspect represents the class label. The extracted 
entities are classified into two groups: training and 
testing sets. The training set is used to develop a 
classification model while the test set is used to 
validate the developed model assuming that the 
class labels are not known. Common classifiers in-
clude decision trees, neural networks and SVM 
(Support Vector Machine). Author attribution stud-
ies differ in terms of the stylometric characteristics 
used and the type of classifiers employed. Cho et 
al. (2013) propose two approaches that attempt to 
extract authorship from emails in the context of 
computer forensics. The authors extract various 
characteristics from email documents, including 
linguistic characteristics, header characteristics, 
linguistic models and structural characteristics. All 
of these features are used with the SVM learning 
algorithm to assign authorship of email messages 
to an author.

In their famous study Chen et al. (2011) devel-
op a framework for the identification of the author 
in online messages to address the problem of iden-
tity tracing. Within this framework, four types of 
writing style features (lexical, syntactic, structural, 
and content-specific) are extracted from English 
and Chinese online newsgroup posts. A compari-
son was made between three classification tech-
niques: decision tree, SVM and backpropagation 
neural networks. Experimental results showed that 
this framework is able to identify authors with sat-
isfactory accuracy of 70-95% and that the SVM 
classifier outperformed the other two.

3.3. Author characterisation
Author characterisation is used to detect soci-

olinguistic attributes such as gender, age, occupa-
tion and educational level of the potential author 
of an anonymous document. Stylistics or the study 
of stylometric characteristics shows that individu-
als can be identified by the redundancy of their 
writing styles. Olsen (1993) attempted to define 
what constitutes the ‘singular style’ of a given per-
son: an individual’s writing style is defined by the 
terms used, the selection of special characters and 
the composition of sentences. Studies in the litera-
ture show that there are no such optimised func-
tionalities applicable to all fields.

4. FOUR TYPES OF STYLOMETRIC ENTITIES
4.1. Lexical features
A text can be seen as a sequence of ‘tokens’ 

which are grouped into sentences. A token can be 
a word, a number or a punctuation mark. Many 
studies of author attribution rely primarily on sim-
ple measures such as the number and length of 
sentences and the number and length of words. 
The advantage of these features is that they can be 
applied to any corpus in any language and without 
additional requirements (Schuster et al., 2020).

Lexical features allow you to understand how 
an individual or a business organisation or a par-
ticular profession uses characters and words. For 
example, these characteristics may be represented 
in the frequency of special characters, the total 
number of capital letters used, the average number 

of characters per word, the average number of 
characters per sentence and compliance with 
punctuation rules.

A text can be thought of as a sequence of char-
acters. Different character-level metrics can then 
be defined, including number of alphabetic char-
acters, total number of characters, number of up-
per- and lower-case characters, letter frequency 
and number of punctuation marks.

Vocabulary richness functions quantify the vo-
cabulary diversity of a text. Some examples of this 
measure are: the V/N ratio (V is the size of the vo-
cabulary and N is the total number of tokens in the 
text), the measure of Yule, the number of hapax 
legomena (words appearing once) and the number 
of hapax dislegomena (words appearing twice). 
However, the richness of the vocabulary strongly 
depends on the length of the text.

Various functions have been proposed to 
achieve stability over text length, including Yule 
measure, Simpson measure, Sichel measure, 
Brunet measure, and Honore measure (Eder, 
2017).

Another method to define a set of lexical fea-
tures consists in extracting the most frequent 
words in the corpus. It is also possible to provide 
various clerical error metrics to capture idiosyn-
crasies of an author’s style. To do this, we must de-
fine a set of spelling errors (omissions and inser-
tions of letters) and formatting (capital letters) and 
propose a methodology to automatically extract 
these measures using a spell checker.
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3.2. Attribution and identification
Author attribution follows a typical biometric 

identification process, where the system recognis-
es an author by a ‘one to several’ comparison. The 
process consists of extracting features from sample 
texts and labelling the classes according to the au-
thors of the documents. Typical entity categories 
include lexical, semantic, syntactic, and applica-
tion-specific characteristics. This can also apply to 
SFL and professional discourse where different 
types and styles of online communication can be 
attributed to authors and organisations by the type 
of language they use. This is particularly important 
in the analysis of text classification.

Author attribution is similar to text classifica-
tion. A key difference, however, is that author attri-
bution is subject independent, while in text classi-
fication class labels are based on the subject of the 
document and features include subject dependent 
words. By being able to recognise the use of sub-
ject dependent words relevant to a particular type 
of communication, stylometry can be used to im-
prove knowledge and application of appropriate 
means of expression in emails and social media 
posts.

Despite the significant progress made in identi-
fying an author among a small group of people, it 
remains difficult to identify an author when the 
number of applicants increases or when the sam-
ple text is short as in the case of emails or online 
messages. For example, while Chaski (2005) re-
ported an accuracy of 95.70% in his work on au-
thor identification, the evaluation sample came 
from a corpus of only 10 authors.

Likewise, Hadjij et al. (2009) obtained, using 
the K-means algorithm for author identification, a 
classification accuracy of 90% with only 3 
authors; the rate decreased to 80% when the num-
ber of authors increased to 10. Hadjij et al. (2009) 
also proposed another approach called Author-
Miner, which consists of an algorithm that cap-
tures frequent lexical, syntactic, structural and 
content-specific patterns. The experimental evalua-
tion used a subset of the Enron dataset, varying 
from 6 to 10 authors, with 10 to 20 text samples 
per author. The accuracy of perpetrator identifica-

tion decreased from 80.5% to 77% as the size of 
the perpetrator population increased from 6 to 10. 
Hadjij et al. (2009) used the C4.5 and SVM classi-
fiers to determine authorship and assessed the pro-
posed approach using a subset of three authors 
from the Enron dataset. They obtained correct clas-
sification rates of 77% / 71% for sender identifica-
tion, 73% / 69% for sender-recipient identification, 
and 83% / 83% for sender identification.

The issue of author attribution is particularly 
important in identifying the actual author of a dis-
puted anonymous document. In the literature, au-
thor identification is considered to be a problem of 
text categorisation or text classification. The 
process begins with data cleansing followed by 
feature extraction and normalisation. Each suspect 
document is converted into a feature vector; the 
suspect represents the class label. The extracted 
entities are classified into two groups: training and 
testing sets. The training set is used to develop a 
classification model while the test set is used to 
validate the developed model assuming that the 
class labels are not known. Common classifiers in-
clude decision trees, neural networks and SVM 
(Support Vector Machine). Author attribution stud-
ies differ in terms of the stylometric characteristics 
used and the type of classifiers employed. Cho et 
al. (2013) propose two approaches that attempt to 
extract authorship from emails in the context of 
computer forensics. The authors extract various 
characteristics from email documents, including 
linguistic characteristics, header characteristics, 
linguistic models and structural characteristics. All 
of these features are used with the SVM learning 
algorithm to assign authorship of email messages 
to an author.

In their famous study Chen et al. (2011) devel-
op a framework for the identification of the author 
in online messages to address the problem of iden-
tity tracing. Within this framework, four types of 
writing style features (lexical, syntactic, structural, 
and content-specific) are extracted from English 
and Chinese online newsgroup posts. A compari-
son was made between three classification tech-
niques: decision tree, SVM and backpropagation 
neural networks. Experimental results showed that 
this framework is able to identify authors with sat-
isfactory accuracy of 70-95% and that the SVM 
classifier outperformed the other two.

3.3. Author characterisation
Author characterisation is used to detect soci-

olinguistic attributes such as gender, age, occupa-
tion and educational level of the potential author 
of an anonymous document. Stylistics or the study 
of stylometric characteristics shows that individu-
als can be identified by the redundancy of their 
writing styles. Olsen (1993) attempted to define 
what constitutes the ‘singular style’ of a given per-
son: an individual’s writing style is defined by the 
terms used, the selection of special characters and 
the composition of sentences. Studies in the litera-
ture show that there are no such optimised func-
tionalities applicable to all fields.

4. FOUR TYPES OF STYLOMETRIC ENTITIES
4.1. Lexical features
A text can be seen as a sequence of ‘tokens’ 

which are grouped into sentences. A token can be 
a word, a number or a punctuation mark. Many 
studies of author attribution rely primarily on sim-
ple measures such as the number and length of 
sentences and the number and length of words. 
The advantage of these features is that they can be 
applied to any corpus in any language and without 
additional requirements (Schuster et al., 2020).

Lexical features allow you to understand how 
an individual or a business organisation or a par-
ticular profession uses characters and words. For 
example, these characteristics may be represented 
in the frequency of special characters, the total 
number of capital letters used, the average number 

of characters per word, the average number of 
characters per sentence and compliance with 
punctuation rules.

A text can be thought of as a sequence of char-
acters. Different character-level metrics can then 
be defined, including number of alphabetic char-
acters, total number of characters, number of up-
per- and lower-case characters, letter frequency 
and number of punctuation marks.

Vocabulary richness functions quantify the vo-
cabulary diversity of a text. Some examples of this 
measure are: the V/N ratio (V is the size of the vo-
cabulary and N is the total number of tokens in the 
text), the measure of Yule, the number of hapax 
legomena (words appearing once) and the number 
of hapax dislegomena (words appearing twice). 
However, the richness of the vocabulary strongly 
depends on the length of the text.

Various functions have been proposed to 
achieve stability over text length, including Yule 
measure, Simpson measure, Sichel measure, 
Brunet measure, and Honore measure (Eder, 
2017).

Another method to define a set of lexical fea-
tures consists in extracting the most frequent 
words in the corpus. It is also possible to provide 
various clerical error metrics to capture idiosyn-
crasies of an author’s style. To do this, we must de-
fine a set of spelling errors (omissions and inser-
tions of letters) and formatting (capital letters) and 
propose a methodology to automatically extract 
these measures using a spell checker.
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4.2. Syntactic characteristics
Holmes (1998) defines syntactic characteristics 

as the patterns used to form sentences. This cate-
gory of entities includes the tools used to structure 
sentences. These include punctuation and function 
words. Function words are common words (arti-
cles, prepositions, pronouns) like while, upon, 
though, where, your.

4.3. Structural features
Structural characteristics are useful in under-

standing how an individual organises the structure 
of their written speech. For example, how sen-
tences are organised in paragraphs and paragraphs 
in a given document. Structural characteristics are 
generally suggested for email author attribution. In 
addition to general structural characteristics, sever-
al researchers have used specific characteristics of 
emails, such as the presence/absence of greetings 
and signatures and their position in the body of the 
email (Savoy, 2020).

4.4. Content-specific features
Content-specific features can be used to char-

acterise the authors of certain texts in interaction 
situations such as in discussion forums using key-
words. Work on the characterisation of authors has 
targeted the determination of various traits or char-
acteristics of an author such as sex, age or level of 
education according to the use of a particular key-
word repeatedly or of a specific formulation. The 
general approach is to create sociolinguistic 
groups from documents written by the same popu-
lation, then to deduce to which group(s) an anony-
mous document could be linked.

Cheng et al. (2011) studied author gender iden-
tification from text using the Adaboost and SVM 
classifiers to analyse 101 lexical features, 10 syn-
tactic features, 13 structural features, and 392 
functional features.

In December 2001 a leading US financial firm, 
Enron, collapsed amidst accusations of fraud. In 
order to trace what had caused the crash and who 
was involved, the FERC subpoenaed for examina-
tion of 600,000 emails generated by 158 employ-
ees. The evaluation of the proposed approach in-

volving 108 authors from the Enron dataset yield-
ed classification accuracies of 73% and 82.23%, 
respectively, for Adaboost and SVM.

Abbasi and Chen (2008) analysed the individ-
ual characteristics of participants in an extremist 
group web forum using the decision tree and SVM 
classifiers. The experimental evaluation gave suc-
cess rates of 90.1% and 97% in identifying the 
correct author among 5 possible individuals for 
the decision tree and the SVM, respectively.

Kucukyilmas et al. (2008) used the k-NN classi-
fier to identify a user’s gender, age, and education-
al background. The experimental evaluation of 100 
participants grouped by sex (2 groups), age (4 
groups) and educational background (10 groups) 
gave precision of 82.2%, 75.4% and 68.8%, re-
spectively.

As Fortier (1995) recalls, software is capable of 
analysing large amounts of information in record 
time, the tasks performed by specialised software 
are long and laborious, even impossible for hu-
mans alone. Moreover, unlike human analysis, the 
automated processing of data by specialised soft-
ware is objective a priori. The algorithms allow the 
examination of a whole text without special atten-
tion being drawn to a particular passage more than 
on another. ‘An algorithm has the immense advan-
tage of not being subject to distractions, nor to 
preconceived ideas’ (Fortier, 1995, p. 101).

5. DISCUSSION
5.1. Advantages of automatic word processing
There are indeed many advantages of automatic 

word processing. Burrows and Craig (1994) have 
shown in a long article on scientific debates in the 
field of textual analysis, that statistical computer 
analysis of literary texts has been an unprecedent-
ed revolution, not so much in that it brings a tech-
nical renewal to the field of study, but quite simply 
in that it has given a firmer basis to many method-
ological debates which, until then, were lost in 
conjecture (Vartanova et al., 2020; Zvereva, 2021).

Olsen (1993) reminds us that the automatic 
analysis of texts must be defined in a simple and 
limited way. It does this by highlighting the aspects 
of a text or of a series of texts which would be dif-
ficult to see with the naked eye. The computer is 
therefore above all what Olsen (1993) describes as 
an accelerator and a facilitator.

Automatic data processing can be used to an-
alyse data from entire literary works rather than 
from individual texts themselves. The place of hu-
mans is then much more important, their involve-
ment is more important, they must indeed collect, 
organise, classify and process data, etc. prior to 
automated processing.

In their research on the importance of female 
characters in French-speaking African literature, 
Ormerod et al. (1994) used several computer soft-
ware programmes. The three researchers have as-
sembled a representative corpus of ten novels writ-
ten by male authors and ten written by women. 
The data submitted for the software review consist-
ed of an exhaustive list of the characters in these 
twenty novels.

The characters were assigned three ratings from 
1 to 5 (according to pre-established criteria): one 
corresponding to the importance given to the char-
acter, another to the power conferred on them in 
the social and professional field, and the last to 
their attitude in the novel. It is therefore at this lev-
el that the most important part of human interven-
tion was located before automated processing. The 
researchers then highlighted the difference be-
tween texts by male authors and those by female 
authors.

Laffal (1995) has worked extensively on 
analysing the works of Irish writer Jonathan Swift. 
As this author not only wrote in English, Laffal 
(1995) also translated words from works that were 
in languages other than English and replaced prop-
er names with names or places, whichever they re-
ferred to. The scholar identified the various words 
whose spelling had changed since the writing of 
these texts and associated them with correspond-
ing words according to modern spelling. As Laffal 
(1995) explains at length in his article, he even 
had to intervene during the analysis to counter the 
problems of polysemy. From then on, he had to 
use two software: one read the text to be analysed 
and marked all words which had more than one 
meaning in the dictionary, and the other advanced 
through the marked text, stopping at each marked 
word with a display of numbered dictionary choic-
es. The human editor selected the proper meaning 
by keying the relevant number.

5.2. Criticisms and limits
For some computer text analysis experts, led by 

Olsen (1993), computing has a lot to offer to sty-
lometry, but software is often misused and the re-
sults do not have the impact they might have. The 
scholar considers that it is necessary to reassess 
the role of informatics in the analysis of the litera-
ture and to move in new directions. He quotes 
Potter (1989) who says that specialists using com-
puter science in literature too often tend to make 
their reports very ‘technical’, which does not help 
to gain a readership of literary works.

There would then be a ‘complex encountered 
by computer engineers’ seeking to hide behind a 
technical vocabulary – too often poorly mastered. 
Potter (1989) also notes that this type of study is 
mostly limited to a small number of works.

Brunet (2003), for his part, raises the dangers of 
what he calls ‘statistical stubbornness’. When a re-
searcher wishes, for example, to determine the au-
thorship of a text, he will begin by formulating a 
hypothesis first and then subjecting the text to tests 
in order to verify or refute his hypothesis. When it 
does not achieve the desired results and does not 
want its efforts to be in vain, there is a high risk 
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4.2. Syntactic characteristics
Holmes (1998) defines syntactic characteristics 

as the patterns used to form sentences. This cate-
gory of entities includes the tools used to structure 
sentences. These include punctuation and function 
words. Function words are common words (arti-
cles, prepositions, pronouns) like while, upon, 
though, where, your.
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standing how an individual organises the structure 
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that it will push hard and try to interpret the results 
in a way that makes them say the right thing. 
Brunet (2003) recalls that there is a strong tenden-
cy in stylometry to give figures an almost divine 
superiority over words because they seem 
absolute, ‘but this apparent incontrovertibility, 
however impressive, often conceals relative and 
contingent procedures that have nothing essential 
about them’ (Brunet, 2003, p. 70).

According to Olsen (1993), the main errors that 
are made by people using automated processing in 
the field of stylometry are not technical, but rather 
theoretical and methodological. Olsen (1993) ex-
plains that computer text analyses are usually 
done on the basis of too simple things like word 
length and what he describes as ‘type-token’ 
ratios, when these measurements give unsatisfacto-
ry results on their own. This is also the opinion of 
Miall (1995), who believes that ‘the frequencies of 
words, collocations, or particular stylistic features 
tell us rather little about the literary qualities of a 
text, since these aspects of a text find their mean-
ing only within the larger and constantly shifting 
context constituted by the reading process’ (Miall, 
1995, p. 275).

As Fortier (1995) explains, it is by no means 
easy to transform textual qualities into analysable 
statistics. Although the texts are composed of 
words, their effects are produced by phenomena 

of a higher and more complex order. To date no 
known algorithm makes it possible to grasp 
whether a given word is used in a figurative or lit-
erary sense. To do this, it would in fact be neces-
sary for the researcher to carry out encoding work 
beforehand, which constitutes a long and tedious 
task. According to Miall (1995), to predict a new 
era in which a computer would be able to grasp 
and understand a literary work would underesti-
mate the complexity of the process of reading a 
text by a human being.

Nonetheless, one can agree with Olsen (1993) 
that automated word processing allows data to be 
updated which can form the basis of human deep-
er work. It would seem that the approach of using 
computers to analyse the linguistic and symbolic 
environment – the collective and social elements 
of language – in order to understand individual 
texts and rhetorical stances, suggests that comput-
er analysis of text should play a central and well-
defined role in our understanding of text. On the 
other hand, while some aspects of literary texts are 
quantifiable, others can never be.

5.3. Application to professional discourse
As mentioned above, computer analysis of text 

can add to professional discourse in two ways – 
security and modelling. As we saw in the analysis 
of the Enron email database, computer analysis 
can help identify who wrote what in emails and 
potentially in social media, thereby enhancing 
openness and transparency of authorship. Of more 
value to teachers and researchers, however, is the 
potential of computer analysis to identify areas of 
content and lexis used by native speakers to con-
vey information and understanding through emails 
and other social media. In doing so, learners will 
improve both their ability and fluency in written 
communication through electronic media. Another 
factor in professional discourse is that the use of 
language and particularly jargon changes rapidly 
and can be difficult to keep up with, even by na-
tive speakers. The value of computer analysis is to 
identify these changes and, with professional hu-
man support, explain them and teach them in a 
way that learners will not only gain new informa-

tion but know what language it is appropriate to 
use, and in what type and style of communication. 
An important point to consider is the difference 
between more formal and informal communica-
tion. Social media communication tends towards 
the informal whereas email can be both formal or 
informal. Understanding and observing the differ-
ence in language usage when reading or writing is 
important as it has an influence on cultural under-
standing and on building good relations.

One of the key areas of research in language 
and professional discourse is the relationship be-
tween what is taught in textbooks and what takes 
place in real life meetings, described as ‘authentic’ 
English. Authenticity is defined as something of 
undisputed origin and not a copy, based on facts, 
accurate and reliable. Williams (1988) identified 
the language used in real business meetings she at-
tended: ‘On reading the transcripts, the real meet-
ings were almost unintelligible. The language con-
tained a large number of unfinished sentences, 
false starts, overlapping utterances, interruptions 
and fillers, such as ‘um’, ‘er’ and ‘you know’. A 
large proportion of the language contained jokes, 
quips, repetitions and asides. Some of the sen-
tences were not grammatically correct’ (Williams, 
1988, p. 45-58).

6. CONCLUSION
The computer allows researchers interested in 

the analysis of texts (literary or not) to add a valu-
able quantitative tool to their analyses. As Fortier 
(1995) writes, ‘Using different software, specialists 
can obtain tables, graphs and statistics on the 

words that make up the works they are studying, 
as well as on syllables, punctuation marks, vocab-
ulary, themes and lexical fields, etc. These results 
can then be used to compare authors or texts with 
each other. In particular, they can help the re-
searcher to determine the authorship of a text, to 
distinguish imitations from authentic works, to un-
derstand the rhythmic patterns in verses or to 
grasp how a given author has contributed to the 
evolution of language’ (Fortier, 1995, p. 108).

Stylometry has mainly been used in literature 
and author identification by analysing writing style 
and use of lexis. As this paper suggests, it can also 
be used to identify styles of communication in 
electronic written professional discourse, differen-
tiate between the vocabulary and expressions used 
by different organisations and professions, distin-
guish between formal and informal communica-
tion styles, thereby showing respect and building 
good relations and analysing and updating 
changes in the language used.

Automated text processing using algorithms 
should never be seen as anything other than a sim-
ple tool, which, while aiding the researcher, is by 
no means sufficient on its own. The researcher 
must indeed intervene before and after the auto-
mated analysis. Computer-assisted text analysis is 
not universally accepted, and experts have to con-
tend with the limitations of this method.

 Computer text analysis is marginalised by liter-
ary people. Most of them do not believe that com-
puter tools can offer them any real help in their 
work and do not seem to have the curiosity to dis-
cover the possibilities of this tool. Unfortunately, a 
large number of articles dealing with automatic 
data processing in the field of computer text analy-
sis are quite technical and sometimes off-putting 
for those who are not very familiar with statistics 
and computers. The human brain is able to grasp 
the meaning behind expressions, make associa-
tions of ideas, create and interpret metaphors, and 
even find new meanings in words that make up 
everyday vocabulary. No computer, even armed 
with the most advanced software, will ever be able 
to compete in intelligence and insight with a hu-
man author or reader.
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literary work would underestimate the 
complexity of the process of reading a text 
by a human being’

‘Computer analysis of text can add to 
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security and modelling. As we saw in the 
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wrote what in emails and potentially in 
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