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Abstract: In this article we propose a quantitative approach to a relatively new problem: 

categorizing text as pragmatically correct or pragmatically incorrect (forcing the notion, 

coherent/incoherent). The typical text categorization criterions comprise categorization by 

topic, by style (genre classification, authorship identification), by expressed opinion 

(opinion mining, sentiment classification), etc. Very few approaches consider the problem of 

categorizing text by degree of coherence. One example of application of text categorization 

by its coherence is creating a spam filter for personal e-mail accounts able to cope with one 

of the new strategies adopted by spamers. This strategy consists of encoding the real 

message as picture (impossible to directly analyze and reject by the text oriented classical 

filters) and accompanying it by a text especially designed to surpass the filter.  

An important question for automatically categorizing texts into coherent and incoherent is: 

are there features that can be extracted from these texts and be successfully used to 

categorize them? We propose a quantitative approach that relies on the use of ratios between 

morphological categories from the texts as discriminant features. We use supervised 

machine learning techniques on a small corpus of English e-mail messages and let the 

algorithms extract important features from all the pos ratios. The results are encouraging. 

 

1 Introduction. 
 

In this article we propose a quantitative approach to a relatively new problem:  

categorizing text as pragmatically correct or pragmatically incorrect (forcing the 

notion, we will refer to this categories as coherent and incoherent). The typical text 

categorization criterions comprise categorization by topic, by style (genre 

classification, authorship identification), by expressed opinion (opinion mining, 

sentiment classification), etc. Very few approaches consider the problem of 

categorizing text by degree of coherence, as in (Miller, 2003). One example of 

application of text categorization by its coherence is creating a spam filter for 

personal e-mail accounts able to cope with one of the new strategies adopted by 

spamers. This strategy consists of encoding the real message as picture (impossible 

to directly analyze and reject by the text oriented classical filters) and 

accompanying it by a text especially designed to surpass the filter. For human 

subjects, the text in the picture is easily comprehensible, as opposed to the 

accompanying text, which is only recognizable as either syntactically incorrect 

(collection of words), or semantically incorrect, or pragmatically incorrect i.e. 

incoherent (collection of proverbs or texts obtained by putting together phrases or 

paragraphs from different text). On the other hand, for classical spam filters, which 

usually relay on algorithms that use as features content words (based on the 

frequencies of the words commonly used in spam messages), the picture offers no 

information and the accompanying text may pass as valid (because it contains 

content word usually not present in spam messages). As a result, such messages are 
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typically sent by the spam filter into the Inbox, instead of the Bulk folder. The role 

of this e-mail messages is double: to surpass the spam filter so that get to be read 

by the owner of the account and, second and more important, if they are manually 

labeled as spam messages, they untrain the classical spam filter due to their content 

words which do not usually appear in spam messages. Thus, after the spam filter 

sees enough such messages labeled as spams, it eventually cannot make the 

difference any more between spam and normal messages. An important question 

for automatically categorizing texts into coherent and incoherent is: are there 

features that can be extracted from these texts and be successfully used to 

categorize them? We propose a quantitative approach that relies on the use of 

ratios between morphological categories from the texts as discriminant features. 

We supposed that these ratios are not completely random in coherent text. 

The goal of our experiment is to automatically classify e-mail messages into two 

classes: coherent messages, to go to Inbox and incoherent messages (good 

candidates for Bulk folder). We used a number of supervised machine learning 

techniques on a small corpus of English e-mail messages and let the algorithms to 

extract important features from all the pos ratios ; The results are encouraging: the 

best performing technique used in our experiment has a leave one out (l.o.o.) 

accuracy of 85.48%. 

 

2 The corpus. 
 

We manually built a small English e-mail messages corpus comprising 110  

messages: 55 negative (incoherent) and 55 positive (coherent). The 55 negative 

messages were manually selected frm a large list of personal spam messages. 

There are three categories of specially designed text for surpassing the spam filter: 

syntactically incorrect, semantically incorrect and pragmatically incorrect. In this 

article we focus on the last category, so we only included into the 55 negative 

examples the pragmatically incorrect messages (most of them being collections of 

proverbs or phrases randomly chosen from different texts and assembled together). 

We reproduce one negative and one positive examples in Appendix 1. As positive 

messages we selected coherent messages from two sources: Enron corpus 

(http://www.cs.cmu.edu/ enron/) and personal e-mail messages, trying not to have 

a too homogenous collection of e-mail messages. All 110 e-mail messages are 

genuine, with no human intervention into their text. 

 

3 Categorization experiments and results. 
 

To produce the set of features, we tagged each text using the set of tags from Penn 

Tree Bank. We considered that this set of tags is too detailed; for the purpose of 

this experiment we do not need all tags, so we only took in consideration 12 

representative parts of speech: we eliminated the punctuation tags and we mapped 

different subclasses of pos into a single unifying pos (for example all subclasses of 

adverbs were mapped into a single class: the adverbs, all singular and plural 



common nouns were mapped into a single class: common nouns, etc). We give 

here the mapping table we used: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For the task of tagging we used Maximal Entropy Part of Speech Tagger 

(Ratnaparkhi, 1996) because it is free to use and because it has a high reported 

accuracy of 96.43%. 

We computed pos frequencies for each of the texts from the training set (both from 

the positive – coherent and from the negative - incoherent examples). We 

normalized them (divided all the frequencies to the total number of tagged words 

in each text), to neutralize the fact that the texts had different lengths. We then 

computed all possible 66 ratios between all tags. We also added a small artificial 

quantity (equal to 0.001) to all the frequencies before computing the ratios, to 

guard against division by zero. These 66 values become the features on which we 

trained the 3 out of 5 types of machines we employed (the other two needed no 

such pre-processing). Because of the relative small number of examples in our 

experiment, we used leave one out cross validation, which is considered an almost 

unbiased estimator of the generalization error. Leave one out technique consists of 

holding each example out, training on all the other examples and testing on all 

examples. 

The first and the simplest technique we used was the linear regression (Duda et al., 

2001), not for its accuracy as classifier, but because, being a linear method, allows 

us to analyze the importance of each feature and so determine some of the most 

prominent features for our experiment of categorizing coherent/ incoherent texts. 

For this experiment we used the pre-processed data as described above. Its l.o.o 

accuracy was of 68.18%, which we used further as baseline for next experiments. 

We ordered the 66 features (pos ratios) in decreasing order of their coefficients 

computed by performing regression. The top 5 features that contribute the most to 

the discrimination of the texts are very interesting from a linguistic point of view: 

¶ the ratio between modal auxiliary verbs and adverbs, representing 17.71% 

of all feature weights; 

¶ he ratio between the pre-determiner (such as all, this, such, etc) and 

adverbs, representing 14.6% of all feature weights; 

Pos Label Pos Label Pos Label 

EX 1 VBZ 3 RBS 7 

NN 1 MD 4 PRP 8 

NNS 1 PDT 5 PRP$ 8 

NNP 2 DT 5 CC 9 

NNPS 2 JJ 6 CD 10 

VB 3 JJR 6 IN 11 

VBD 3 JJS 6 TO 11 

VBG 3 RB 7 WDT 12 

VBN 3 RBR 7 WP 12 

VBP 3 RBS 7 WP$ 12 



¶ the ratio between pre-determiner and conjunction, representing 9.92% of 

all feature weights; 

¶ the ratio between common nouns and conjunctions, representing 7.37% of 

all feature weights; 

¶ the ratio between modal verbs and conjunctions, representing 7.25% of all 

feature weights. 

These top 5 features accounted for 56.85% of data variation. The first ratio may be 

explained by the inherent strong correlation between verbs and adverbs. The 

presence of conjunction in 3 out of the top 5 ratios confirms the natural intuition 

that conjunction is an important element w.r.t. the coherence of a text. Also, the 

presence of the pre-determiners in the top 5 ratios may be related to the important 

role coreference plays in the coherence of texts. 

As we said, we used the linear regression to analyze the importance of different 

features in the discrimination process and as baseline for state of the art machine 

learning techniques. We tested two kernel methods (ν support vector machine and 

Kernel Fisher discriminant), both with linear and polynomial kernel. 

Kernel-based learning algorithms work by embedding the data into a feature space 

(a Hilbert space), and searching for linear relations in that space. The embedding is 

performed implicitly, that is by specifying the inner product between each pair of 

points rather than by giving their coordinates explicitly. 

 
The kernel function captures the intuitive notion of similarity between objects in a 

specific domain and can be any function defined on the respective domain that is 

symmetric and positive definite. Details about SVM and KFD can be found in 

(Taylor and Cristianini, 2004). 

The ν support vector classifier with linear kernel (k(x, y) =< x, y >) was trained, as 

in the case of regression, using the pre-processed 66 features, exactly the same 

features used for linear regression. The parameter ν was chosen out of nine tries, 

from 0.1 to 0.9, the best performance for the SVC being achieved for ν = 0:3. The 

l.o.o. accuracy for the best performing ν parameter was 78.18%, with 10% higher 

than the baseline.  

The Kernel Fisher discriminat with linear kernel was trained on preprocessed data 

as it was the case with the regression and ν support vector classifier. Its l.o.o. 

accuracy was 75.46 %, with 7.28 % higher than the baseline. The flexibility of the 

kernel methods allow us to directly use the pos frequencies, without computing any 

pos ratios. That is, the polynomial kernel implicitly relies on the inner product of 

all features, so there is no further need to compute their ratios in advance. 

The support vector machine with polynomial kernel was trained directly on the 

data, needing no computation of ratios. The kernel function we used is:  

k(x, y) = (< x, y > +1)
2
 . 

Its l.o.o. accuracy for the best performing ν = 0:4 parameter was 81.81 %, with 

13.63% higher than the baseline. 



The Kernel Fisher discriminant with polynomial kernel was trained directly on the 

data, needing no ratios. Its l.o.o. accuracy was 85.46 %, with 17.28 % higher than 

the baseline. We summarized these results in the next table. 

The best performance was achieved by the Kernel Fisher discriminant with 

polynomial kernel. 

 

Learning method type  Accuracy 

Regression (baseline) 68.18% 

linear Support Vector Classifier 78.18% 

quadratic Support Vector Machine 81.81% 

linear Kernel Fisher discriminant 75.46% 

polynomial Kernel Fisher discriminant 85.46% 

 

4 Conclusions.  
 

The best l.o.o. accuracy we obtained, i.e. 85.48% is a good accuracy because there 

are inherent errors, transmitted from the part of speech tagger and perhaps from the 

subjective human classification into the two classes (coherent/incoherent text) used 

as the training set. Also using only the frequencies of the parts of speech in the 

texts disregards many other important feature for text coherence. 

 

5 Further works. 
 

It would be interesting to compare our quantitative approach to some qualitative 

techniques related to text coherence, such as latent semantic analysis (Dumais et 

al., 1988 ) or lexical chains(Hirst and St.-Onge, 1997). 

Also, it would be useful to train the machine to have an error as small as possible 

for positive examples (coherent texts sent into Bulk folder), even if the error for 

negative examples would be bigger (incoherent texts sent into Inbox). 
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6 Appendix 1 
 

We reproduce here in order: 

¶ a positive example of a coherent e-mail message; 

¶ a negative example of an incoherent e-mail message; 

 

”I will be getting back to the website some time this week. Thank you for updating 

the info on the need analysis page. If you haven’t done it yet, please look at Paula’s 

page to check what remains to be done for your language. Remember that your 

deadline for sending me your final report forms as explained in Prague is Nov.15. I 

hope Mario can give you some details on how to go about filling in the various 

pages. Concerning the Wikipedia entry for Euromobil in all 9 languages, we agreed 

in Prague that it was indeed a good idea. I haven’t been able to deal with it yet, but 

I saved the revised PL text and I hope to have some time shortly to do it. I hope 

those of you who haven’t done it yet can do it also. Best, Jeannine” 

 

” No one will ever think of looking for you in there. A job applicant challenged the 

interviewer to an arm wrestle. I am fascinated by fire. I did not object to the object. 

Your first-aid kit contains two pints of coffee with an I.V. hookup. And you can 

travel to any other part of the building without difficulty. Interviewee wore a 

alkman, explaining that she could listen to the interviewer and the music 

at the same time. You can outlast the Energizer bunny. Dancing around in a 

threatening  manner until you have dispatched their predecessors. I know who is 

responsible for most of my troubles I have no difficulty in starting or holding my 

bowel movement. People get dizzy just watching you. Candidate said he never 

finished high school because he was kidnapped and kept in a closet in Mexico.” 
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