


Future work

Noi interpretari.

Dezambiguizarea sensurilor.

Analiza contextelor.

Analiza polaritatilor textelor: sunt unele
texte mai optimiste decat altele?
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Readability. Definition
 Readability is the ease with which a written text 

can be understood by a reader.

 The problem that we address here is whether 
human translation has impact on readability.

We investigate the main shallow, lexical and
morpho-syntactic features.
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Methodology
 Given a text T1 in a target language L1 and the texts 

in source languages L2,...,Ln, how does the 
readability level vary from a text written in the 
native language of a speaker and a text translated 
into the same language? 

 Is the original text more comprehensible?

We consider English as the target language, i.e., we 
investigate texts written (or translated) in English
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Flesch-Kincaid
 We employ the Flesch-Kincaid measure, which assesses 

readability based on the average number of syllables per 
word and the average number of words per sentence:

0.39 *total words/total sentences+11.8*total syllables/total words

- 15.59

 The Flesch-Kincaid formula produces values which 
correspond with U.S. Grade levels.
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Approach
We run our experiments on Europarl, a 

multilingual parallel corpus extracted from the 
proceedings of the European Parliament

 To obtain the dataset for our experiments, we 
extract segments of text written inEnglish, we 
identify their source languages, and we group 
them based on the language of the speaker. 
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We compute the Flesch-Kicaid formula for each 
collection of segments of text Ti having the source 
language Li and the target language English.
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Experiments and Results

 In a first experiment, we compute the Flesh-Kincaid 
metric for each language, for all the concatenated
files in the English Europarl subcorpus



Results
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One can notice that the lowest Flesh-Kincaid value 
belongs to the collection of texts having English as 
the source language, followed by:

 texts having Germanic source languages, 

 texts having Slavic source languages and, finally,

 texts translated from Romance languages. 



 Finno-Ugric languages are the only family that
doesn’t form a cluster with regard to the Flesch-
Kincaid metric. 

 Among the Romance languages, French is the only 
one that sets apart from the group, being closer to 
the Germanic cluster, but this fact is justified by 
the nature of French
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3 EXperiments

 Exp1: 

 For each language, we account for the overall 
readability score computed for all documents of each 
speaker;

 based on these computed values, we determine 
outliers and remove them from the dataset; 

 then, we rerun the experiments based on Flesch-
Kincaid measure for the remaining speakers
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Experiments
 Exp2: 

 We investigate outliers for each speaker by 
computing the Flesch-Kincaid metric individually 
for each document belonging to a speaker.

We discard documents whose levels of readability 
are outliers and we compute the Flesch-Kincaid 
formula again accounting only for the documents 
having the individual level of readability in 
[LF;UF] range.

12



3 Experiments
 Exp. 3: 

 In the last experiment we consider, for each 
language, the readability scores of each document 
belonging to each speaker. 

We apply the same strategy as before: we detect 
outliers among documents and remove them from 
the dataset. 

 Then, we compute Flesch-Kincaid measure again, 
for a text consisting of the concatenation of all 
remaining documents after outliers removal, for 
each language.
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Classification
We investigate the readability of translation as a 

classification problem.

 Taking as input sentences originally spoken in 
English and sentences translated from other 
languages, our goal is to see whether the 
readability features have enough discriminative
power to distinguish original from translated text. 

We train a logistic regression classifier for a binary 
decision problem: original versus translated text. 
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Methodology
We extract randomly 100 sentences originally 

spoken in English and 100 sentences originally
spoken in other languages and translated into 
English. 

We split this dataset into equal train and test 
subsets. We choose the optimal value for the 
regularization parameter performing 3-fold cross-
validation over the training set. 

 Finally, we evaluate the model on the test set.
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Results
We obtain 58% f-score on the test set in deciding 

whether a sentence was translated into English or 
was originally spoken in English. 

 The most informative feature is the average 
number of characers per word (0.69 logistic 
regression score), followed by the type/token ratio 
(-0.67 score). 

 Adding n-grams of tokens and POS tags as 
features improves the performance of the model. 
We obtain 75% f-score.
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Conclusions and feature work

We investigate the behavior of various readability 
metrics across parallel translations of texts from a 
source language to target languages.

We plan to investigate the left-right distinction
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Deception Detection
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Deception. Definition
 “To intentionally cause another person to have or 

continue to have a false belief that is truly believed 
to be false by the person intentionally causing the 
false belief by bringing about evidence on the basis 
of which the other person has or continues to have 
that false belief.” (Mahon, J.E. (2007). A Definition of Deceiving. 

International Journal of Applied Philosophy, 21, 181-194.

 No a general accepted definition
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Ingredients
 Intention

 An act of deceiving is not an act of deceiving unless
the result is that another person has a false belief.

 Deception <> Lies

 Lies definition : 

“… to make a believed-false statement with the 
intention that that statement be believed to be 
true”. (Mahon, J. E. 2008. Two Definitions of Lying. International 

Journal of Applied Philosophy, 22(2), 211-230.)
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Ingredients (2)
 Deceptive behaviour:  planned and unplanned.

 In planned interactions, people have time to think, 
reflect and compare situations with past experiences. 
They know or have time to consider knowing the 
person who they interact with.

 Planned deceits are harder to detect.

Many deceptions types, many medium of
communication

22



Deception exists in various 
forms...

23

 Fake (Armstrong)  Real (Quintana)



Traditional Approaches:
 Psychology and criminal justice have studied 

the behaviors that might be associated, with 
deception

 Three types of behavior have been examined: 

1. facial expressions and body movements;

2. vocal behaviors, including prosodic features;

3. verbal behaviors, including the words and 
structures that might correlate with 
deception.
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Deception Detection. New trends 

 NLP approaches to address the vocal and verbal 
features that might be associated with deception

 NLP papers on the classification of narratives as 
truthful or deceptive

 Stylometric techniques, machine learning approaches 
and models of data collection and processing



EACL-2012 First Workshop on Computational Approaches 
to Deception Detection. Avignon, may 2012
http://aclweb.org/anthology-new/W/W12/W12-04.pdf
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Fake reviews detection: Ott&Tomasso



In Search of a Gold Standard in Studies of Deception
Stephanie Gokhman, Jeff Hancock, Poornima Prabhu, Myle Ott 
and Claire Cardie (Deception detection ws)
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Authorship identification
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Authorship identification
 „ Then there is the letter he 

said I wrote him. In his 
hopeless ignorance of civilized 
conduct and the usages of 
society, he read it aloud. . . . 
but I ask you, how would you 
reply if I were to deny ever 
having sent you that letter? 
Where is your witness to 
contradict me? Would you 
prove it by the handwriting? . 
. . but how could you when the 
letter is in the hand of a 
secretary?”  (Cicero, Philippics 

II, Bailey 1986:37)

“De-acum i se va putea 
atribui oricui orice în 
incontrolabilul (sau greu 
controlabilului) mediu 
electronic. Dacă nu se vor 
pune la punct tehnici 
care să permită 
mergerea la sursa 
iniţială şi identificarea 
autorului în cazuri de 
acest fel, potenţialul de 
calomnie, fals şi minciună 
devine copleşitor.” (Mircea 

Cartarescu, 2009)
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Motivation
 The problem of authorship identification is based 

on the assumption that there are stylistic features 
that help distinguish the real author from any 
other possibility. 

 Literary-linguistic research is limited by the 
human capacity to analyze and combine a small 
number of text parameters, to help solve the 
authorship problem. 
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Motivation
We can surpass limitation problems using 

computational and discrete methods, which allow 
us to explore various text parameters and 
characteristics and their combinations.

 The text characteristics and parameters used to 
determine text paternity need not have aesthetic 
relevance. They must be objective, un-
ambiguously identifiable, and quantifiable, such 
that they can be easily differentiated for different 
authors.
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Human stylom (van Halteren et 
al, 2005)

 Stilistical Fingerprint.

 Human stylom (van Halteren et al, 2005): The set of 
language use characteristics - stylistic, lexical, 
syntactic - form the human stylom
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Standard problems (cf. S. Marcus)

1. A text attributed to one author seems 
nonhomogeneous, lacking unity, which raises the
suspicion that there may be more than one author.

2. If based on certain circumstances, arising from 
literature history, the paternity is disputed between two 
possibilities,A and B, we have to decide if A is preferred
to B, or the other way around.
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Problems
1. A text is anonymous. If the author of a text is 

unknown, then based on the location, time frame 
and cultural context, we can conjecture who the 
author may be and test this hypothesis

2. Based on literary history information, a text 
seems to be the result of the collaboration of two 
authors, an ulterior analysis should establish, for 
each of the two authors, their corresponding text 
fragments.
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Solutions

 Two strategies:

 The first strategy is based on Support Vector 
Machines (SVM) with a string kernel

 The second one is a new strategy based on the 
similarity of rankings of function words.
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Rankd distance and authorship
We propose Rank distance as a new distance 

measure designed to reflect stylistic similarity 
between texts. 

 As style markers we used the function word 
frequencies. 

 Function words are generally considered good 
indicators of style because their use is very unlikely 
to be under the conscious control of the author 
and because of their psychological and cognitive 
role (Chung and Pennebaker, 2007). 

39



Function word
 Also function words prove to be very effective in 

many author attribution studies

 Given a fixed set of function words (usually the most 
frequent ones), a ranking of these function words 
according to their frequencies is built for each text; 
the obtained ranked lists are subsequently used to 
compute the distance between two texts. 

 To calculate the distance between two rankings we 
used Rank distance
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Function word (2)
 In all our english experiments we used the set of 70 

function words identified by Mosteller and 
Wallace (Mosteller and Wallace, 1964) as good 
candidates for authorattribution studies

 In all our Romanian experiments we used the set 
of runction words identified by (Dinu and 
Popescu)
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Method
Once the set of function words is established, for 

each text a ranking of these function words is 
computed. 

 The ranking is done according to the function 
word frequencies in the text. 

 Rank 1 will be assigned to the most frequent 
function word, rank 2 will be assigned to the 
second most frequent function word, and so on
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Distance

 The distance between two texts will be the Rank 
distance between the two rankings of the function 
words corresponding to the respective texts.

We use it as a base for a hierarchical clustering 
algorithm. 

 The family trees (dendogram) thus obtained can 
reveal a lot about the distance measure behavior
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Experiments
 We cluster a collection of 21 nineteenth century 

English books written by 10 different authors and 
spanning a variety of genres (Table 2). 

 The books were used by Koppel et al. (Koppel et al., 
2007) in their authorship verification experiments.

 the family tree produced is a very good one, accurately 
reflecting the stylistic relations between books. 
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Analyse
 The books were grouped in three big clusters (the first 

three branches of the tree) corresponding to the three 
genre: 

 dramas (lower branch), 

 essays (middle branch) 

 and novels (upper branch). 

 Inside each branch the works were first clustered 
according to their author. 
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Analyse
 The only exceptions are the two essays of Emerson 

which instead of being first cluster together and after 
that merged in the cluster of essays, they were added 
one by one to this cluster. 

 Even more, in the cluster of novels one may 
distinguished two branches clearly separated that can 
correspond to the gender or nationality of the authors: 
female English (lower part) and male American (upper 
part).
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Binary classification experiment
We tested the nearest neighbor classification 

algorithm combined with both rank distance and 
euclidean distance on the case of the 12 disputed 
federalist papers (Mosteller and Wallace, 1964). 

We followed the Mosteller and Wallace setting, 
treating the problem as a binary classification 
problem. 

 Each one of the 12 disputed papers has to be 
classified as being written by Hamilton or 
Madison. For training are used the 51 papers 
written by Hamilton and the 14 papers written by 
Madison
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Comparision
 Tested on disputed papers, the nearest neighbor 

classification algorithm combined with rank 
distance attributed all the 12 papers to Madison. 

 This matches the results obtained by Mosteller
and Wallace and is in agreement with today 
accepted thesis that the disputed papers belong to 
Madison. 

When the nearest neighbor classification 
algorithm was combined with euclidean distance 
only 11 papers were attributed to Madison, the 
paper 56 was attributed to Hamilton.
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MORE EXPERIMENTS

51



Stilistic Deception. Mateiu and 
followers
Mateiu Caragiale died on 1936, at age of 51. In 1929 

he begun to works to the novel ”Sub pecetea tainei”, 
but unfortunately he died before finishing this 
novel.

Many authors attempted to write different endings 
to the novel: Radu Albala, Al. George, George 
Balan
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 In 2008, Ion Iovan published the so-called Last
Notes of Mateiu Caragiale, composed of sections
written from Iovan’s voice, and another section in 
the style of a personal diary describing the life of 
Mateiu Caragiale, suggesting that this is really
Caragiale’s diary
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Albala vs Mateiu (Dinu,Popescu&Dinu, LREC08)
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Mateiu Caragiale. Pastiche (Dinu et 

al., ws at EACL12)
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Nabokov (Dinu&Nisioi, RANLP13)
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The stilistics unity of Pauline 
Epistles

 St. Paul seems to 
dictate his letters to his 
disciples Timothy, 
Silvanus (= Silas)

 Philemon is a single
cluster (was written 
during the jail period)
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Other results

 The paternity of Eminescu 
publicistics

 Mircea Cartarescu

 Federalist Papers

 ...
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More applications...
 Temporal text classifications (EACL 2014)

Opinion mining and sentiment analysis

 Text categorization

 Political ideology detection

(more at http://www.kenbenoit.net/new-directions-in-analyzing-text-as-data-workshop-2013/)

 ...
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A receipt for happiness 
(http://www.cse.unt.edu/~rada/)

 Ingredients 

1. - Something new 

2. - Lots of food that you enjoy 

3. - Your favorite drink 

4. - An interesting social place 

 Directions : “go shop for something new ... Then have lots of food, for 

dinner preferably, as the times of breakfast and lunch are to be avoided. 
Consider also including .. your favorite drinks. Then go to an interesting 
place, it could be a movie, a concert, a party, or any other social place. 
Having fun, and optionally getting drunk... Note that you should avoid any 
unnecessary actions, as they can occasionally trigger feelings of 
unhappiness. Ideally the recipe should be served on a Saturday, for 
maximum happiness effect. 

Bon appétit! 60
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Temporal Text Ranking and 
Automatic Dating of Texts

EACL 2014, Göteborg

Vlad Niculae (Max Planck Institute for Software Systems)
Marcos Zampieri (Saarland University)
Liviu P. Dinu (University of Bucharest)
Alina Maria Ciobanu (University of Bucharest)



1. Text Dating

Estimate the writing date of a text.

 (Linguistic complement to material dating.)



1. Text Dating

Estimate the writing date of a text.

 (Linguistic complement to material dating.)

● 1930? 1899? 1823?
(Regression)
(Preoțiuc-Pietro and Cohn, 2013)

● 18th / 19th century?
(Classification)
(de Jong et al, 2005)
and our previous work
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Estimate the writing date of a text.
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● Which is newer?



1. Text Dating

Estimate the writing date of a text.

 (Linguistic complement to material dating.)

● Which is newer?

1899. W. Crane, A Floral Fantasy
in an Old English Garden

1667. An Account Of The Experiment Of 
Transfusion Practiced Upon A Man In London



2. This Work: Pairwise Ranking

Input: pairs of documents

Output: “≺”,  “≻”

Not all input samples need to be comparable.

1690 1740

1800

1889 1923



2. This Work: Pairwise Ranking

1690 1740

1700 − 1800

1889 1923

Input: pairs of documents

Output: “≺”,  “≻”

Not all input samples need to be comparable.
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Binary classification of pairs.

g(d1, d2) > 0

But we want the dates, not a ranking!
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w⋅d1 > w⋅d2



3. Behind the Scenes

Binary classification of pairs.

g(d1, d2) > 0

But we want the dates, not a ranking!

w⋅(d1 - d2) > 0

w⋅d1 > w⋅d2

Use a moment in time instead of a document:

w⋅d1  > θ(1850)



Evaluation



4. Historical Corpora

Three languages:

● Colonia Corpus of Historical Portuguese 
(Zampieri and Becker, 2013)

● Corpus of Late Modern English Texts (CLMET)
(de Smet, 2005)

● Romanian Historical Corpus
(Ciobanu et al. 2013)



5. Simple Features

A. lexical (word counts)

B. naive morphological

     (character n-grams at the end of words)

   +   feature transformation and selection



6. Results

Comparable to the regression approach

size
pairwise
score

Ridge 
pairwise
score

en 293 83.8% 83.7%

pt 87 82.9% 81.9%

ro 42 92.9% 92.4%

our system



7. Function estimation (θ)

Year

w⋅x
(projection of documents
onto a rank-preserving line)



8. Function estimation (Romanian)



9. Function estimation (English)



10. Function estimation (Portuguese)



11. Dating uncertain texts
C. Cantacuzino (1650 − 1716), Istoria Țării Rumânești

Important historical work, contested writing time.

Published: 19th century.



11. Dating uncertain texts
C. Cantacuzino (1650 − 1716), Istoria Țării Rumânești

Important historical work, contested writing time.

Published: 19th century.

We predict 1736.2 − 1753.2:



12. Conclusion & Future Work

● ranking approach to temporal modelling

● important gain on flexibility

● acceptable performance with simple features



12. Conclusion & Future Work

● ranking approach to temporal modelling

● important gain on flexibility

● acceptable performance with simple features

● application-specific feature engineering

● other historical corpora wanted!
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