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Abstract

In this paper, the shallow and computationally
inexpensive approach to syntax suggested by
Argamon et al. (1998) is explored, enhanced
and applied to ten different genres included in
the BNC. Their approach to syntax uses POS
trigrams. The rationale behind this choice is
that trigrams are large enough to encode use-
ful syntactic information, and small enough to
be computationally manageable. The sets of
experiments described in this paper show that
features representing syntactic structure have
strong discriminating power. Results are ex-
tremely encouraging and deserve further inves-
tigations.

1 Introduction

Automatic classification of documents is a chal-
lenging task and can be carried out according
to different criteria: topic (text categorization,
information filtering), author (authorship
attribution), and genre (genre identifica-
tion/detection/classification/categorization).
Text categorization, authorship attribution
and genre classification are similar in a way,
because they all aim at determining a category,
broadly speaking, for a document by using
features. The difference is that features for text
categorization are orthogonal to authorship
attribution and genre identification features.
Features for text categorization are the terms
that occur in the document, therefore the
classification is done according to topic (an
exhaustive overview of several approaches
and the specific problems connected to text
categorization can be found in Sebastiani
(2003)); features for authorship attribution
and genre identification are topic indepen-
dent. More specifically, authorship attribution
seeks features that are invariant within the

documents of a given author but variant from
author to author (McEnery and Oakes (2000),
Baayen et al. (1996), Koppel et al. (2003a),
Argamon et al. (2003b)); features for genre
classification, instead, must capture similarities
within texts of the same type, for example,
many nominalizations and passives usually
co-occur in scientific prose, while conversation
abounds in 1st and 2nd person pronouns and
contractions (Biber, 1988, 55). Interestingly,
it has been noted that texts written by one
author in different genres can differ more than
texts written by different authors in the same
genres (Baayen et al., 1996).

Another kind of document classification has
emerged recently, namely author gender cate-
gorization, which uses mainly function words,
n-grams of parts-of-speech and machine learn-
ing techniques (Argamon et al. (2003a), Koppel
et al. (2003b)).

This paper focuses on genre classification and
aims at determining the contribution of a par-
ticular class of features, namely those repre-
senting syntactic structure, for discriminating
among different genres. As in any other classi-
fication processes, in genre classification an in-
formed choice of features can make all the dif-
ference, and we claim that features representing
syntactic structure are good discriminators.

1.1 Background

The idea that certain genres or writing styles
favour certain syntactic constructions is not new
(Biber (1988, 229-230), Baayen et al. (1996),
Stamatatos et al. (2001b), etc.). However,
even if syntax is acknowledged to have discrim-
inating power, (though reluctantly sometimes
(Aaronson, 1999)), it has often been neglected
in genre categorization studies, because the ex-
traction of syntactic features is considered to be



computationally expensive and time-consuming
(Kessler et al., 1997). The 67 linguistic fea-
tures selected by Biber more than 15 years ago
(Biber, 1988, 73-75, 221-245) are based mainly
on word identification, even when the features
are really syntactic, because NLP tools were
quite limited at that time. For example, the
identification of adverbial clauses is based on
the presence of specific subordinators, such as
”although” and ”though” for concessive clauses,
and ”because” for causative clauses. However,
the lexically-based approach to syntax is quite
limited, because subordinators can be ambigu-
ous. To overcome the ambiguity issue, Biber
used only unambiguous subordinators; for ex-
ample ”because” is the only causative subordi-
nator included in his features, being the only
one ”to function unambiguously as a causative
adverbial. Other forms, such as as, for, and
since, can have a range of functions, including
causative” (Biber, 1988, 236).

Nowadays, even though more sophisticated
linguistic tools are available, syntactic informa-
tion extraction is still troublesome. For exam-
ple, parsers are becoming more reliable, but
they often fail on long sentences and complex
constructions, which are very common in cer-
tain genres, like academic prose or editorials.
Owing to these limitations, we elude, for the
time being, a deep syntactic analysis of texts
and explore the adaptability and extensibility
of the shallow approach to syntax suggested by
Argamon et al. (1998).

1.2 Purpose and Rationale
In this paper, the shallow and computationally
inexpensive approach to syntax suggested by
Argamon et al. (1998) is explored, enhanced
and applied to ten different genres included in
the BNC. Their approach to syntax uses POS
trigrams. The rationale behind this choice is
that trigrams are large enough to encode use-
ful syntactic information, and small enough to
be computationally manageable. Grammati-
cal n-grams (i.e. sequences of part-of-speech,
or dependency, or functional tags) to measure
syntactic differences among texts have already
been used in stylometric studies, for example by
Baayen et al. (1996), who use the term ”pseudo-
word sequence”; by Koppel et al. (2003b), who
use the term ”quasi-syntactic features”; by Arg-
amon et al. (2003a), by Koppel and Schler

(2003), etc. Their results are promising. If a
set of POS trigrams is particularly discrimintat-
ing among a collection of genres, it could be a
helpful addition to the features currently used
in genre classification.

This paper is organized as follows: next sec-
tion, describe the corpus and the features used
in our sets of experiments; section 3 accounts
for the methodology used in our approach; sec-
tion 4 includes the setting up of the experiments
and the classification results; in section 5 some
evaluation measures are reported; section 6 con-
tains a short discussion, the conclusions we have
drawn and suggestions for future work.

2 Corpus and Features

In our experiment we used a subset of the BNC
documents belonging to ten different genres.
The genres selected 1 for our sets of experiments
included four spoken genres (conversation, in-
terview, public debate, planned speech) and six
written genres (academic prose, advert, biog-
raphy, instructional, popular lore, reportage)2.
Each genre collection contained 15 documents
(see Biber (1993) for the number of documents
needed to represent a styilistic category); each
document was cut to 300 sentences (in order
to have a manageable corpus), and the num-
ber of words per document ranged between 1500
and 7500. This variation in document length is
a good assessment for the practical use of this
classification model: if the model performs well
with highly uneven document length, real world
documents have a better chance of being classi-
fied correctly.

The BNC was tagged with the CLAWS5
tagset (Aston and Burnard, 1998, 230-234).
Four different sets of features were tried. The
first was a list of 835 POS trigrams, not includ-
ing punctuation. The second was a list of 1033
POS trigrams, including punctuation. In both
cases, we selected those POS trigrams with a
frequency of occurrence between 30 and 100 in a

1We used the BNC Indexer to select the genres in-
volved in these experiments. The detailed description
of this tool is in Lee (2003). The codes used by Lee
for genre classification are included in the headers of the
BNC documents under the label classCode.

2The official codes are: S conv, S interview,
S pub debate, S speech scripted, W ac tech engin,
W advert, W biography, W instructional, W pop lore,
W newsp brdsht nat reportage.



single genre collection; after this first selection,
we collected together all the POS trigrams com-
ing from the ten genres and weeded out those
trigrams with a frequency of occurrence greater
than 3. The rationale behind this selection was
to single out POS trigrams that were not too
common and not too rare. The third set was a
list of 65 features filtered out from the 835 POS
trigrams without punctuation, and the fourth
set was a list 74 features filtered out from the
1033 POS trigrams with punctuation.

3 Methodology

3.1 Data Representation
In a typical supervised machine learning task,
data is represented as a dataset of examples.
Each example is described by a fixed number
of measurements, and by a label that denotes
the category, or class, that the example belongs
to. This is a vectorial representation. The di-
mension of the vector depends on the number
of measurements, or features, used to represent
the documents. As our data representation is
based on 835-, 1033-, 65- and 74 POS trigrams,
we used respectively 835-, 1033-, 65- and 74-
dimensional vectors.

3.2 Learning Method
The learning algorithm chosen for our experi-
ments is a Näıve Bayes classifier. Preliminary
investigations on a restricted subset of BNC
genres showed that the Näıve Bayes classifier
performed much better than the decision tree
classifiers (Weka J483 and See54), and better
than instance-based or memory-based classifiers
(respectively Weka Ibk5 and TiMBL6).

Näıve Bayes models are based on two as-
sumptions: attributes are equally important
and statistically independent, given a class
value. This method is ”näıve” because it
assumes independence, i.e. the value of an
attribute gives no information about the value
of another attribute. This means that evidence
can be split into independent parts, i.e.:

Pr[H|E] = Pr[E1|H][E2|H][...][En|H]Pr[H]
Pr[E]

3Witten and Frank (1999, 269, passim).
4Demo version available at:

http://www.rulequest.com/see5-info.html.
5Witten and Frank (1999, 283, passim).
6Daelemans et al. (2002).

The assumption that attributes are indepen-
dent, given the class, in real life is over-simple.
In practice, the Näıve Bayes learners perform
well in many document classification problems
despite the incorrectness of this independence
assumption (Domingos and Pazzani (1997) pro-
vide a detailed analysis of this phenomenon).

A common assumption, not intrinsic to the
Näıve Bayesian approach but included in many
actual implementations, is that the values of nu-
meric attributes are normally distributed within
a single class. When features are not normally
distributed (linguistic data does not have a nor-
mal distribution), there are several remedies to
overcome this problem. One solution is to dis-
cretize the data. Another solution is to use ”ker-
nel density estimation”7, which does not assume
any particular distribution for attribute values.
This is the solution we adopted in these sets of
experiments.

Another drawback of the Näıve Bayes classi-
fier is the so-called ”zero-frequency problem”.
If an attribute value does not occur with ev-
ery class value, its probability will be zero, and
consequently the posteriori probability will also
be zero. Probabilities that are zero override the
other ones. The remedy is to add 1 to the count
for every attribute8. This is a standard tech-
nique called the ”Laplace estimator” (Witten
and Frank, 1999, 85). With this addition, prob-
abilities will never be zero and probability esti-
mates are stabilized.

Despite the restrictions described above, but
easily fixed with minor adjustments, Näıve
Bayes works very well when tested on actual
datasets, particularly when combined with at-
tribute selection procedures. In fact, although
this method deals well with random attributes,
it has the potential (under certain conditions)
to be disoriented when there are dependencies
between attributes, and especially when redun-
dant ones are added. This negative potential

7Kernel density estimation is a nonparametric tech-
nique for density estimation in which a known density
function (the kernel) is averaged across the observed data
points to create a smooth approximation. John and Lan-
gley (1995) showed that the Bayesian classifier’s perfor-
mance can be much improved if the traditional treatment
of numeric attributes, which assumes normal (Gaussian)
distributions, is replaced by kernel density estimation.

8In some cases adding a constant different from 1
might be more appropriate.



can be bypassed by selecting a subset of fea-
tures. If the input features are selected prior to
induction , then the feature selection algorithm
is called ”filter”; if the induction algorithm is
bound to the process of searching, evaluating
and selecting features, then it is called ”wrap-
per” (Holmes and Nevill-Manning (1995), Hall
and Smith (1997)). The feature selector used
in our sets of experiments is a filter: in real
datasets where there are a large number of fea-
tures, filters seems the most appropriate choice
(Hall and Smith, 1997)9.

A standard technique to ensure that re-
sults are representative and reliable is ”cross-
validation” (where a fixed number of folds can
be decided) with ”stratification” (random sam-
pling of both training and test sets). In cross-
validation, each fold, or partition of data, in
turn is used for testing while the remainder is
used for training. The standard evaluation tech-
nique in situations where only a small amount of
data is used to build a classifier (as in our case)
is stratified tenfold cross-validation. A single
tenfold cross-validation might not be enough to
get a reliable error estimate: it is a standard
procedure to repeat the cross-validation process
10 times, and then average the results (Witten
and Frank, 1999, 126-127). This is the solution
we chose to get an accurate error estimates in
our experiments.

4 Experiments

4.1 Setup
As mentioned above, the genres selected for the
experiments from the BNC included four spo-
ken genres and six written genres. Each dataset
contained 150 records, where each record rep-
resented a document. A class (or genre) was
assigned to each record, and each class ac-
counted for 15 records. Four groupings of doc-
uments were tried: the ten genres altogether,
spoken genres only, written genres only, spo-
ken genres vs. written genres. For each group-
ing, four sets of features were tested: 835 fea-
tures (full set of POS trigrams without punc-
tuation); 1033 features (full set of POS tri-
grams with punctuation); 65 features (filtered

9One risk with feature selectors is that they can lead
to over-fitting. Classifiers that overfit are very good at
classifying data with which they have been trained, but
they are bad with other data.

out from the 835 features); 74 features (fil-
tered out from the 1033 features). The total
number of datasets included in this first set
of experiments was 16. The machine learn-
ing algorithm used was the Näıve Bayes clas-
sifier from the Weka package10 with the ker-
nel density estimation option (-K). By default,
this algorithm always adds 1 (Laplace estima-
tor) to the number of different values for a par-
ticular attribute in order to bypass the zero-
frequency problem. The filter used to create the
selected features for the third and fourth dataset
is included in the Weka package (the com-
mand weka.filters.AttributeSelectionFilter was
launched with BestFirst as search technique,
and CfsSubsetEval as evaluation class, which
evaluates subsets of features by the correlation
among them). To predict the accuracy of the
learning technique on each single dataset, strat-
ified tenfold cross-validation was used, repeated
10 times, with random seed values set from 1 to
10.

4.2 Classification results
In the tables below, column 1, ”Genres”, shows
how genres have been grouped together (all gen-
res, written genres only, etc.), column 2, ”Fea-
tures”, tells us if the full set of features or se-
lected (filtered) features have been used, colunm
3 and 4 refer to the presence or absence of punc-
tuation in the sets of features.

Genres Features No Punct Punct
All (10) All 82.6% 81.1%
All (10) Selected 87.0% 85.8%
Written (6) All 78.9% 78.6%
Written (6) Selected 88.9% 84.1%
Spoken (4) All 94.6% 91.6%
Spoken (4) Selected 87.8% 88.1%
Sp vs Wr All 98.5% 99.3%
Sp vs Wr Selected 98.4% 98.4%

Table 1: Average Accuracy for Trigrams

From Table 1, it turns out that the set of
features without punctuation tends to perform
better than the set of features with punctua-
tion, with some exceptions. For Spoken → Se-
lected, and Sp vs Wr → All, the average ac-
curacy with punctuation is slightly higher (re-

10Weka is an open source machine learning software
package, available at:

http://www.cs.waikato.ac.nz/ ml/weka/index.html.



spectively 88.1% with punctuation, 87.8% with-
out punctuation, and 99.3% with punctuation,
98.5% without punctuation). In one case, the
average accuracy is the same with and without
punctuation (Sp vs Wr → Selected → 98.4%).

The datasets with selected features tend to
perform better than those with the full set of
features, with the expection of Spoken genres
(94.6% vs. 87.8% without punctuation, and
91.6% vs. 88.1% with punctuation) and for
Spoken vs. Written genres (98.5% vs. 98.4%
without punctuation, and 99.3% vs. 98.4% with
punctuation).

The worst performance comes out from the
full set of features for written genres, both with
and without punctuation: when using the full
set of features, three written genres (advert,
popular lore and instructional) show higher er-
ror rates. Interestingly, when selected features
are used, the classification results for these three
genres are very good, and the overall accuracy
reaches 88.9% without punctuation and 84.1
with puntuation.

As a whole, accuracy results of POS trigrams
are extremely promising. But are POS trigrams
the best combination to detect underlying syn-
tactic structure? In order to have a deeper in-
sight into this problem, we set up the same ex-
periments using bigrams and unigrams.

For POS bigrams, we used the same set of
BNC documents, and the same criteria to se-
lect the features (see the section Corpus and
Features above). We ended up with 16 datasets,
but their dimensionality was different from POS
trigrams datasets. Data representation using
POS bigrams was based on 451 bigrams without
punctuation, 568 with punctuation, 36 selected
features without punctuation, 41 selected fea-
tures with punctuation. Classification results
are shown in Table 2.

Genres Features No Punct Punct
All (10) All 77.6% 77.3%
All (10) Selected 84.9% 85.4%
Written (6) All 76.1% 70.5%
Written (6) Selected 86.8% 86.8%
Spoken (4) All 87.5% 89.1%
Spoken (4) Selected 84.6% 84.6%
Sp vs Wr All 98.0% 98.3%
Sp vs Wr Selected 97.6% 99.0%

Table 2: Average Accuracy for Bigrams

From Table 2, we can see that the average ac-
curacy results tend to be lower than the results
achieved using POS trigrams, but not always.
Notably, Sp vs Wr → Selected → Punct reaches
99% of average accuracy.

For unigrams, we applied the same criteria
adopted for the other two sets of experiments,
but we ended up with 8 datasets, because we
used only the full set of features, being the
number of these features quite low: 20 uni-
grams without punctuation, and 24 unigrams
with punctuation. Average accuracy results are
definitely lower than the ones achieved for POS
trigrams.

Genres Features No Punct Punct
All (10) All 77.3% 78.5%
Written (6) All 72.2% 74.4%
Spoken (4) All 86.2% 85.8%
Sp vs Wr All 88.3% 89.0%

Table 3: Average Accuracy for Unigrams

5 Evaluation measures

5.1 K statistic
The K statistic is usually used to measure
within-group reliability (Carletta, 1996), but
there are ways of applying it as an inter-group
measure. We want to compare the best ac-
curacy result achieved on POS trigrams by
Argamon et al. (1998), i.e., 79.6% for pairwise
distinguishibility (Daily News vs. Newsweek),
with our results. K is computed as follows:

K = P (A)−P (E)
1−P (E)

where P(A) is the proportion of times that
the model value is equal to the actual value
and P(E) is the expected proportion by chance.
When all the predictions are correct, K is 1;
when the predictions are equal to which it would
be expected by chance, K is 0. But it is possible
to test whether or not K is significantly differ-
ent from chance, therefore interpretation of the
scale of accuracy is possible. A kappa statistic
of 0.7 or higher is generally regarded as good
statistic correlation, and the higher the value,
the better the correlation11.

11Content analysis researchers generally think that K
≥ 0.8 is a good reliability but 0.67 ≤ K ≤ 0.8 allows
tentative conclusions to be drawn (Carletta, 1996).



We computed K statistic for Argamon et al.
(1998), and their K is around 0.6. The K statis-
tic of our results is mostly around 0.8 and above
for all the groupings of genres. Our K statistic
values show high level of agreement, and conse-
quently good reliability of the results achieved
so far.

5.2 Percentage
Argamon et al. (1998)’s results are not directly
comparable with our results, because the gen-
res used in their experiment were different from
ours. But it would have been interesting to see
the performance they would have achieved on
POS bigrams and POS unigrams on their col-
lections. We can only say that their best result
on POS trigrams is 79.6% for pairwise distin-
guishibility (Daily News vs. Newsweek), that
is 29.6% more than the random expectation of
50%. This is quite a good result, if we consider
that their collections all belong to the journal-
istic style (could we dare to say ”press genre”?)
and the language/style variation is certainly less
pronounced than, say, academic prose vs. con-
versation. With our wider range of differenti-
ated genres, for the set of selected POS trigrams
without punctuation, we get:

• For all genres, 77% more than the ran-
dom expectation of 10% (average accuracy
87.0%, see Table 1 above).

• For pairwise distinguishibility, 48% more
the random expectation of 50% (average
accuracy rate 98.4%, see Table 1 above).

Results are extremely encouraging and deserve
further investigations.

5.3 Chi square
On the basis of percentages of a sample’s be-
haviour, we can make claims about the sample
itself, but we cannot generalize about the pop-
ulation from which we drew our sample, unless
we submit our results to a test of statistical sig-
nificance. To test the significance of our results,
Chi-square has been computed using the worst
classification results of the ”All genres” group-
ing for: trigrams vs. bigrams, and bigrams vs.
unigrams. Results suggest that there is a sub-
stantial advantage in using bigrams instead of
unigrams, while there is only a slight benefit in
using bigrams instead of trigrams.

6 Discussion, Conclusion and Future
Work

As stated above, our experiment is based on
that of Argamon et al. (1998) with some differ-
ences:

• Our experiment only focused on frequen-
cies of POS n-grams in documents, whereas
Argamon et al. (1998) used also a set of 500
function words.

• We used ten collections of different BNC
genres: four spoken genres (interview, pub-
lic debate, planned speech, conversation)
and six written genres (advertisement, bi-
ography, popular magazines, reportage, in-
structional, academic prose). Each genre
collection included 15 documents; each
document was cut to 300 sentences, and
the number of words per document ranged
between 1500 and 7500. Instead, Arga-
mon et al. (1998) used four text collections
(NY Times news, NY Times editorial, NY
Daily News, Newsweek). Each collection
included 200 documents, and documents
contained between 300 and 1300 words.

• In our experiment, four different sets
of POS trigrams (CLAWS5 tagger) were
tried. The first was a list of 835 POS tri-
grams, not including punctuation. The sec-
ond was a list of 1033 POS trigrams, in-
cluding punctuation. In both cases, we se-
lected those POS trigrams with a frequency
of occurrence between 30 and 100 in a sin-
gle genre collection; after this first selec-
tion, we ruled out those trigrams with a fre-
quency of occurrence greater than 3. The
third set of features was a subset of 65 fil-
tered out from the 835 POS trigrams, and
the fourth set was a subset of 74 features fil-
tered out from the 1033 POS trigrams with
punctuation. Then we tried bigrams and
unigrams. Argamon et al. (1998) merely
used a list of 685 POS trigrams (Brill’s tag-
ger), including punctuation. They selected
those trigrams that appear in between 25%
and 75% of the documents in their corpus,
and counted the frequencies of occurrence
of each trigram.

• We used a Näıve Bayes classifier, together
with ”kernel density estimation”, which



does not assume a normal distribution or
any other particular distribution for the at-
tribute values. Argamon et al. (1998) used
a decision-tree learning algorithms (Rip-
per).

• In our experiment, the collections were
tested in the following ways: ten genres
altogether, spoken against written, only
spoken, only written. In Argamon et al.
(1998), the collections were tested for pair-
wise distinguishability, which means that
two collections at time were compared.

• We used a 10-fold cross-validation repeated
10 times, in order to get the average accu-
racy. In Argamon et al. (1998), a single
five-fold cross- validation was used.

The sets of experiments presented in this pa-
per showed that features representing syntactic
structure have strong discriminating power. A
selected set of POS n-grams could easily (be-
cause it is computationally inexpensive) be in-
cluded in the traditional bunch of features used
for genre classification, for example, they could
be added to the 55 ”generic cues” suggested by
Kessler et al. (1997), or to the classical 67 lin-
guistic features suggested by Biber (1988, 73-
75). It would be interesting to see if the accu-
racy of document classification would increase,
or instead if some kind of noise would be cre-
ated, thus confusing the statistical methodolo-
gies used for the classification task. In any
case, the claim that structural features are com-
putationally expensive and unstable does not
hold any more. Taggers are quite accurate and
parsers are becoming more reliable. The ap-
proach to text categorization in terms of stylis-
tically homogeneous categories (text genres, au-
thors, etc.) taking advantage of NLP tools
(and therefore more sophisticated linguistic fea-
tures, especially at syntax level) provides dis-
criminating power without additional cost, and
usually outperforms lexically based methods
(Stamatatos et al. (2001a), Stamatatos et al.
(2001b)).

It’s hard to make comparisons with previous
lexically based results because they all use dif-
ferent corpora and different classification meth-
ods. Future work is a busy agenda. The most
urgent tasks include experiments using different
sets of features on the same corpus (or corpora),

using the same statistical methodologies. The
sets of features we have in mind are:

• Common Word Frequencies (cf. Sta-
matatos et al. (2000)).

• Word Class Frequencies (cf. Rayson et al.
(2002)).

• Word n-grams. This is another important
area that needs to be investigated compari-
tatively with POS n-grams (some work has
been done with character-level n-grams by
Peng et al. (2003)).

• Further experiments to get deeper insight
into the influence of punctuation in n-
grams (for the time being we cannot see
a clear-cut difference between results with
or without punctuation).

If a coherent and consistent body of exper-
iments could be set up, where all the items
listed above could be measured on the same
corpus (or copora) and with the same classi-
fication methodologies, results could provide a
benchmark for subsequent experiments on genre
classification.
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