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Tekst, tekst, tekst

From: H =hrod17@dintenemail.com=

Sent: Wednesday, September 12, 2012 312 PM
To: Diane Reynolds

Subject: Re:

I'm home and up for another howr if you can talk now. B&

----- Original Message —--
From: Diane Reynolds
Sent: Wednesday, September 12, 2012 06:26 PM

ToH
Subject:

| am so sorry and sad about all of what has and is happening in Cairo, Benghazi and elsewhere
in the ME and beyond, Just called your office to tell you and heard you're at the WH so emailing.

B&



Forenzi¢ka lingvistika

Atribucija autorstva: Tko je autor?

Provjera autorstva: Je li X autor?

Profiliranje autora: Kakav je autor?

Otkrivanje plagijata: Je li tekst prepisan?



Primijenjena lingvistika

RjeSenja prakti¢nih probleme povezanih s jezikom

Interdisciplinarna

Forenzic¢ka lingvistika
o lingvisti¢ke metode u kontekstu forenzike
(pravo, jezik, kriminalistika)
Stilistika
 proulavanje jezi¢nog odnosno knjiZzevnog stila



Forenzi¢ka lingvistika

Forenziéka lingvistika




Stilistika

Jezi€na varijacija je temeljna karakteristika jezika
« fonologija, leksikon, gramatika

Klju¢ni koncept sociolingvistike
o lingvisti¢ka varijacija < druStvene karakteristike
Forenzicka stilistika

o stil karakteristi¢an za pojedinca (idiolekt)

Stilometrija
o statisti¢ke i ra¢unalne metode primjene stilistike



Forenzi¢ka lingvistika — primjene

e Kiberneticki kriminal
o phishing scams, spam, ucjene, uznemiravanje
o SMS, e-posta, blogovi

e Marketing i drustvena istraZivanja

o karakteristike korisnika drustvenih mreza
« demografske znalajke, politi¢ke/potrosacke
preferencije

e Znanost o knjiZzevnosti i obrazovanje

o utvrdivanje kontroverznog autorstva, kvalitete
prijevoda, osobine li¢nosti studenata
o detekcija plagijata u akademskim publikacijama



Plan

® NLP i strojno ucenje
@ Atribucija autorstva
© Provjera autorstva

o Profiliranje autora



Plan

® NLP i strojno ucenje



Racunala i lingvistika

¢ Racunalna lingvistika
« ‘znanstveno istraZivanje jezika iz racunalne
perspektive. . . zainteresirana za raunalne
modele jezi¢nih fenomena” (ACL)
e Obrada prirodnog jezika (NLP)
« podrudje racunarske znanosti i umjetne
inteligencije koje se bavi interakcijom Covjeka i
ratunala kroz prirodne (ljudske) jezike

= Racunalna forenzicka lingvistika



Tipi¢ni zadatci

Morfoloska analiza/segmentacija
Oznalavanje vrste rijedi

Parsanje (sintakti¢ka analiza)

Razrjesavanje viseznacnosti rijeci

Razrjesavanje koreferencije
Prepoznavanje imenovanih entiteta

Strojno prevodenje



Tipi¢ni koraci

raw text
(string)

sentence

segmentation

sentences
(list of strings) v

C——
tokenization

—d
tokenized sentences
(list of lists of strings) v
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part of speech

tagging

pos-tagged sentences
(list of lists of tuples)

entity

detection

chunked sentences
! (list of trees)

relation
detection

relations
(list of tuples)



Strojno ulenje

Data Algorithm Model

o

e Algoritmi za (polu)automatsku ekstrakciju novog i
korisnog znanja — u obliku pravila, uzoraka ili
modela — iz proizvoljnih skupova podataka
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Strojno ulenje i NLP

e Za zadani ulaz, algoritam (klasifikator) dodijeljuje
odluku (naj¢esée da/ne)

e Velik broj problema u NLP-u moZze se svesti na
donosenje odluke ili niz odluka

e Verifikacija autorstva: za zadani ulazni tekst, odluci
je li X autor (da/ne)

e Atribucija autorstva: za zadani ulazni tekst, odluci
tko je autor (odluka iz skupa opcija)



Primjena modela strojnog ucenja

® Priprema podataka

@ Ekstrakcija znadajki

© Ucenje (treniranje) modela
o Evaluacija

@ Dijagnosticiranje

® Ugradnja



Pristupi

e Nadzirano (supervised)

« klasifikacija

o regresija

o ulenje rangiranja (learning to rank)
e Nenadzirano (unsupervised)

o grupiranje (clustering)

o novelty/outlier detection



Predikcija

e Model na temelju videnih podataka zaklju€uje nesto
o novim podatcima

e Model mora mo¢i generalizirati
e Nas3 cilj: napraviti model koji dobro generalizira



Nadzirano ulenje
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http://www.nltk.org/book/ch06.html

Klasifikacija

X2 (duljina re€enica)
A

x1 (broj rijeci)
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@ Atribucija autorstva



|zvori

e Stamatatos, Efstathios. A survey of modern
authorship attribution methods. Journal of the
American Society for information Science and
Technology 60.3 (2009): 538-556.

o Koppel, M., Schler, J., & Argamon, S. (2009).
Computational methods in authorship
attribution. Journal of the American Society for
information Science and Technology, 60(1), 9-26.



Povijest

e Srednji vijek: autorstvo = istinitost teksta

e Jedna invarijantna znacajka
o Mendenhall (1887): Shakespeare, Bacon,
Marlowe

e Multivarijatna analiza
 Mosteller and Wallace (1964): “The Federalist
Papers”
« Naivni Bayes i vise znacajki



The Federalist Papers

FEDERALIST:

A COLLECTION OF

E & 5 A ¥ 5,

WRITTIN IN FATOUR OF TR

WEW CONSTITUTION,

FEDERAL CONFENTION,

BEFTEMAER 57, s3l3.
Drefenee for Hatification

85 eseja zagovornika ameri¢kog ustava iz 1787.:
Alexander Hamilton, James Madison, John Jay



Povijest

e 1964-1990
o definiranje stilometrijskih zna&ajki
o viSe od 1000 razli¢itih mjera do kraja 1990.
o problem: evaluacija

e 1990—-danas
o strojno ulenje i NLP-a (klasifikacija teksta)
« velike koli¢ine tekstova na internetu
» obavjestajstvo, kriminalistika, pravo
 objektivna i standardizirana evalucija



Atribucija autorstva strojnim uéenjem

e Problem viseklasne klasifikacije teksta

e |skoristavanje velikog broja potencijalnog korisnih
tekstnih (stilometrijskih) znac&ajki

e Postupci odabira znadajki



Stilometrijske znalajke

Features Required tools and resources
Lexical Token-based (word length, sentence length, etc.) Tokenizer, [Sentence splitter]
Vocabulary richness Tokenizer
Word frequencies Tokenizer, [Stemmer, Lemmatizer]
Word n-grams Tokenizer
Errors Tokenizer, Orthographic spell checker
Character Character types (letters, digits, etc.) Character dictionary
Character n-grams (fixed length) -
Character n-grams (variable length) Feature selector
Compression methods Text compression tool
Syntactic Part-of-speech (POS) Tokenizer, Sentence splitter, POS tagger
Chunks Tokenizer, Sentence splitter, [POS tagger], Text chunker
Sentence and phrase structure Tokenizer, Sentence splitter, POS tagger, Text chunker, Partial parser
Rewrite rules frequencies Tokenizer, Sentence splitter, POS tagger, Text chunker, Full parser
Errors Tokenizer, Sentence splitter, Syntactic spell checker
Semantic Synonyms Tokenizer, [POS tagger], Thesaurus

Application-specific

Semantic dependencies

Functional
Structural
Content-specific
Language-specific

Tokenizer, Sentence splitter, POS tagger, Text Chunker,

Partial parser, Semantic parser
Tokenizer, Sentence splitter, POS tagger, Specialized dictionaries
HTML parser, Specialized parsers
Tokenizer, [Stemmer, Lemmatizer], Specialized dictionaries
Tokenizer, [Stemmer, Lemmatizer], Specialized dictionaries

(Stamatatos, 2009)



Type-token ratio

Types | Tokens | Corr. TTR
Eisenhover_1957 454 B97 12.160
Kennedy_ 1961 401 a82 11.754
Johnson_1965| 373 550 11.246
Nixon1_1969| 547 G40 13.345
Nixon2_1973| 364 674 9.914
Carter_1977| 362 437 11.695
Reagan1_1981| G458 942 14.929
Reagan2_1985| G534 1096 14.610
Bushse_1989| 545 381 13.007
Clinton1_1993| 445 GE61 12.239
Clinton2_1997| 543 334 13.033
Bushju1_2001| 440 B70 12.020
Bushju2_2005 577 904 13.533
Ohama_2009| 721 97y 16.311

Analiza inauguracijskih govora ameritkih predsjednika (www.tllab.it)



Funkcijske rijeci (stopwords)

always
am

amid
amidst
among
amongst
an

and
another
any
anybody
anyhow
anyone
anything
anyway
anyways
anywhere
apart
appear
appreciate
appropriate
are

i'm
immediate
in
inasmuch
inc

inc.
indeed
indicate
indicated
indicates
inner
inside
insofar
instead
into
inward

is

isn't

it

it'd

it'll

its

somebody
someday
somehow
someone
something
sometime
sometimes
somewhat
somewhere
soon
sorry
specified
specify
specifying
still

sub

such

sup

sure

t

take
taken



Funkcijske rijeci

a
ah

aha

aj

aja
ajme
ajooj
ajoooj
ako
akoli
alaj
ali

ama

amo
amo- tamo
ao

aoj

au

avaj

ba

bar
barem
ba3

bez

bi

bih
bijah
bijahu
bijase
bijasmo
bijaste
bijehu
bila
bile
bili
bilo
bilokako
bilokakva
bilosto
bio
bismo

cesto

cete

cetiri
cetiriju
Cetirima
cetiristo
Cetiristoti
cetirma
Cetrdeset
cetrdesetak
Cetrdeseterim
Cetrdeseterima
Cetrdesetero
cetrdeseteroga
Cetrdeseterome
Eetrdeseteromu
Cetrdeseti
Eetrdesetoro
cetrdesetoroga
¢etrdesetorome
Cetrdesetoromu
getri
cetristotinjak
Eetrnaest
Cetrnaestak
€etrnaesterim
Cetrnaesterima
€etrnaestero
cetrnaesteroga
Eetrnaesterome
Cetrnaesteromu
Cetrnaesti
Cetrnaestoro
cetrnaestoroga

stopwords

deseta
desete
deseterim
deseterima
desetero
deseteroga
deseterome
deseteromu
deseti
desetih
desetim
desetima
deseto
desetog
desetoga
desetoj

deveti

devetih

devetim
devetima
devetnaest
devetnaesterim
devetnaesterima
devetnaestero
devetnaesteroga
devetnaesterome
devetnaesteromu
devetnaesti
devetnaestoro
devetnaestoroga
devetnaestorome
devetnaestoromu
deveto

devetog
devetoga
deveto]

devetom
devetome
devetoro
devetoroga
devetorome
devetoromu
devetsto
devetstoti
devetstotinjak
devetu

diljem
djelomice
djelomiéno

do

dobrano

doduse

dogodine

doista

dok

dokad

dokle

drugome

drugu

dum

duz

dva

dvadeset
dvadesetak
dvadeseterim
dvadeseterima
dvadesetero
dvadeseteroga
dvadeseterome
dvadeseteromu
dvadeseti
dvadesetoro
dvadesetorome
dvadesetoromu
dvaju

dvama
dvanaest
dvanaestak
dvanaesterim
dvanaesterima
dvanaestero
dvanaesteroga
dvanaesterome
dvanaesteromu
dvanaesti
dvanaestoro
dvanaestoroga
dvanaestorome
dvanaestoromu
dvaput

dve

dveju

dvema

dvije

dviju

dvjema
dvjesta
dvjesto



N-grami

e N-grami rijedi:

Full sentence

It does not, however, control whether an exaction is within
Congress’s power (o tax.

- e

Unigrams “It"; “does™; “not,”; “however,”; “control”; “whether”; “an™;
“exaction™ “is"; “within™; “Congress’s"™; “power™; “to™; “tax.”

Bigrams *“It does™ *“does not,”; “not, however,”; “however, control™;
*control whether”; *whether an™; *an exaction™; “exaction is"™;
“is within”; “within Congress's™; “Congress’s power”; “power
to™; “to tax.”

Trierams *It does not™; “does not, however™; “not, however, control™;

o

.,

“however, control whether™; “control whether an™; “whether an
exaction”; “an exaction is"; “exaction is within™; “is within
Congress’s™ “within Congress’s power™; “Congress's power
to"; “power to tax.”

e N-grami slova:

“Tko je to napisao?’ = Tko, ko_, o_j, je, je_,...




Sintakti¢ke znadajke: POS tagging

Original Sentence: One such analysis identified one set of articles showing that dietary fish oils
lead to certain blood and vascular changes, and a second set containing evidence that similar
changes might benefit patients with Raynaud's syndrome.

.
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1 0ne such analysis identified one set of articles showing that dietary fish oils lead to certain blood and
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vascular changes, and 3 second set containing evidence that similar changes might benefit patients
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with Raynaud 's syndrome,




Sintakticke znaEajke: parsanje
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ROOTMan  har efterhand kommit att acceptera ett annat  skal for skilsmassa «




Stilometrijske znalajke

Features Required tools and resources
Lexical Token-based (word length, sentence length, etc.) Tokenizer, [Sentence splitter]
Vocabulary richness Tokenizer
Word frequencies Tokenizer, [Stemmer, Lemmatizer]
Word n-grams Tokenizer
Errors Tokenizer, Orthographic spell checker
Character Character types (letters, digits, etc.) Character dictionary
Character n-grams (fixed length) -
Character n-grams (variable length) Feature selector
Compression methods Text compression tool
Syntactic Part-of-speech (POS) Tokenizer, Sentence splitter, POS tagger
Chunks Tokenizer, Sentence splitter, [POS tagger], Text chunker
Sentence and phrase structure Tokenizer, Sentence splitter, POS tagger, Text chunker, Partial parser
Rewrite rules frequencies Tokenizer, Sentence splitter, POS tagger, Text chunker, Full parser
Errors Tokenizer, Sentence splitter, Syntactic spell checker
Semantic Synonyms Tokenizer, [POS tagger], Thesaurus

Application-specific

Semantic dependencies

Functional
Structural
Content-specific
Language-specific

Tokenizer, Sentence splitter, POS tagger, Text Chunker,

Partial parser, Semantic parser
Tokenizer, Sentence splitter, POS tagger, Specialized dictionaries
HTML parser, Specialized parsers
Tokenizer, [Stemmer, Lemmatizer], Specialized dictionaries
Tokenizer, [Stemmer, Lemmatizer], Specialized dictionaries

(Stamatatos, 2009)



Sistemska funkcionalna gramatika
(Haliday, 1994)

Apposition
E
Elaboration | that is, in other words, for example, ‘

Clarification

| rather, in any case, specifically, ... ‘
Additive
EXT
Extension Adversative

EXPANSION] but, yet, on the other hand, .

Verifying

CONJUNCTION

Ibeside:, instead, or, alternately, ... ‘
Matter
|wirh regards to, in one respect, otherwise, |

Simple

ST
Spatiotemporal then, next, afterwards, ...

Complex

soon, meanwhile, until now, ..

ENH
Enhancement

Manner

similarly, in a different way, likewise, ... |

Causal

cic
Causal Conditional therefore, consequently, since, ...

Conditional

then, albeit, not with standing, ...

(Argamon et al., 2007)



Stilometrijske znalajke

Features Required tools and resources
Lexical Token-based (word length, sentence length, etc.) Tokenizer, [Sentence splitter]
Vocabulary richness Tokenizer
Word frequencies Tokenizer, [Stemmer, Lemmatizer]
Word n-grams Tokenizer
Errors Tokenizer, Orthographic spell checker
Character Character types (letters, digits, etc.) Character dictionary
Character n-grams (fixed length) -
Character n-grams (variable length) Feature selector
Compression methods Text compression tool
Syntactic Part-of-speech (POS) Tokenizer, Sentence splitter, POS tagger
Chunks Tokenizer, Sentence splitter, [POS tagger], Text chunker
Sentence and phrase structure Tokenizer, Sentence splitter, POS tagger, Text chunker, Partial parser
Rewrite rules frequencies Tokenizer, Sentence splitter, POS tagger, Text chunker, Full parser
Errors Tokenizer, Sentence splitter, Syntactic spell checker
Semantic Synonyms Tokenizer, [POS tagger], Thesaurus

Application-specific

Semantic dependencies

Functional
Structural
Content-specific
Language-specific

Tokenizer, Sentence splitter, POS tagger, Text Chunker,

Partial parser, Semantic parser
Tokenizer, Sentence splitter, POS tagger, Specialized dictionaries
HTML parser, Specialized parsers
Tokenizer, [Stemmer, Lemmatizer], Specialized dictionaries
Tokenizer, [Stemmer, Lemmatizer], Specialized dictionaries

(Stamatatos, 2009)



Metode

e Usporedba s profilom (starije metode)
o probabilisti¢ki model P(X|A)
o kompresija
o zajedni¢ki n-grami
e Usporedba primjerima (nove metode)
o vektorski model
o sli¢nost: “Delta-metoda” (Burrows, 2002)
« kompresija
« demaskiranje



Usporedba s profilom

Training texts
of author A

Text of unknown
authorship
Attribution %, I
model

y
+ = Xp Most likely author

Training texts
of author B

(Stamatatos, 2009)



Usporedba s primjerima

Training texts
of author A

XAl

XA2

XA3 —————————
Text of unknown
authorship

TP

v

Classifier Attribution I
. > [ Xy
training model

7'y

Xg| ——————— \ 4
Most likely author

XB,2

T

Training texts
of author B

(Stamatatos, 2009)



Atribucija autorstva vs. klasifikacija teksta

o NajlesCe rijeli (stopwords) su diskriminativne
e Ogranicen skup za treniranje
e Neuravnotezena distribucija primjera



Studija: Koppel et al. (2009)

e Podatci:

o poruke e-poste autora
« po dvije knjige devetoro americkih i britanskih

spisatelja (19./20. st.)
« objave 20 mladih blogera

e Pet algoritama strojnog udenja
o Stilisti¢ke i nestilisticke (sadrzajne) zna&ajke



Studija: Koppel et al. (2009

FW Alist of 512 function words, including conjunctions, prepositions, pronouns, modal verbs, determiners, and numbers (purely stylistic)

POS Thirty-eight part-of-speech unigrams and 1.000 most common bigrams using the Brill (1992) part-of-speech tagger (purely stylistic)

SFL Al1 372 nodes in SFL trees for conjunctions, prepositions, pronouns, and modal verbs (purely stylistic)

cw The 1,000 words with highest information gain (Quinlan, 1986) in the training corpus among the 10.000 most common words in the corpus

CNG The 1,000 character trigrams with highest information gain in the training corpus among the 10,000 most common trigrams in the corpus
(cf. Keselj, 2003)

NB ‘WEKA's implementation (Witten & Frank, 2000) of Naive Bayes (Lewis, 1998) with Laplace smoothing

J48 ‘WEKA's implementation of the J4.8 decision tree method (Quinlan, 1986) with no pruning

RMW Our implementation of a version of Littlestone’s (1988) Winnow algorithm, generalized to handle real-valued features and more than two
classes (Schler, 2007)

BMR Genkin et al.’s (2006) implementation of Bayesian multiclass regression

SMO ‘Weka's implementation of Platt’s (1998) SMO algorithm for SVM with a linear kernel and default settings




Studija: Koppel et al. (2009)

E-posta

TABLE 2. Accuracy on test set attribution for a variety of feature sets
and learning algorithms applied to authorship classification for the e-mail

corpus.
NB 4.8 RMW BMR SMO
Features/learner (%) (%) (%) (%) (%)
FW 60.2 58.7 60.1 68.2 03.8
POS 61.0 59.0 66.1 66.3 67.1
FW 4+ POS 65.9 61.6 68.0 67.8 71.7
SFL 572 57.2 65.6 67.2 62.7
CW 67.1 66.9 74.9 78.4 74.7
CNG 723 65.1 731 80.1 74.9
CW 4+ CNG 73.2 68.9 74.2 83.6 78.2




Studija: Koppel et al. (2009)

KnjiZevnost

TABLE 3. Accuracy on test set attribution for a variety of feature sets
and learning algorithms applied to authorship classification for the literature

corpus.
NB J4.8 RMW BMR SMO
Features/learner (%) (%) (%) (%) (%)
FW 514 44.0 63.0 73.8 77.8
POS 459 50.3 53.3 69.6 75.5
FW +POS 56.5 46.2 61.7 75.0 79.5
SFL 66.1 45.7 62.8 76.6 79.0
Ccw 68.9 50.3 57.0 80.0 84.7
CNG 69.1 42.7 49.4 80.3 84.2
CW +CNG 739 499 57.1 82.8 86.3




Studija: Koppel et al. (2009)

Blogovi

TABLE 4. Accuracy test set attribution for a variety of feature sets and
learning algorithms applied to authorship classification for the blog corpus.

NB J4.8 RMW BMR SMO
Features/learner (%) (%) (%) (%) (%)
FwW 38.2 30.3 51.8 63.2 63.2
POS 34.0 30.3 51.0 63.2 60.6
FW +POS 47.0 343 62.3 70.3 72.0
SFL 354 36.3 6l.4 69.2 71.7
CW 56.4 51.0 62.9 72.5 70.5
CNG 65.0 439 67.1 80.4 80.9
CW + CNG 69.9 51.6 75.4 86.1 85.7




Atribucija autorstva u big data

e Narayanan, A., Paskov, H., Gong, N. Z.,
Bethencourt, J., Stefanov, E., Shin, E. C. R., &
Song, D. (2012, May). On the feasibility of
internet-scale author identification. In 2012
IEEE Symposium on Security and Privacy (pp.
300-314). IEEE.



Atribucija autorstva u big data

Problem privatnosti: anonimnost = privatnost

2.4 milijuna postova sa 100.000 blogova

Eksperimenti sa nizom algoritama strojnog ucenja

Jednostavni modeli (k-nn) rade vrlo dobro

Uzorak od 3 postova podudaran na postove ostalih
autora (pomijesan sa 100.000 drugih blogova)

Tocan autor nalazi se u 20% slu&ajeva

U 35% slutajeva, autor je u prvih 20 pogodaka



Atribucija autorstva u big data
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(Narayanan et al., 2012)



Nedostatci studije

e Ograniéenost na istu domenu
e Zrtva nije poku%ala sakriti/izmijeniti svoj stil



Skrivanje autorstva

e Brennan, M. R., & Greenstadt, R. (2009).
Practical Attacks Against Authorship
Recognition Techniques. In |AAL



Skrivanje autorstva

e Napad skrivanjem i napad imitacijom
e 15 sudionika:

o autorski tekst (500 rijeci)

o skrivanje identiteta (500 rije¢i na zadanu temu)

« imitacija: prepricati svoj dan u stilu Cormac
McCarthya (roman “Cesta”)

e Zakljuak: sve se metode mogu vrlo lako zavarati



Skrivanje autorstva
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Figure 2: Accuracy in detecting obfuscation attacks. The x- Figure 3: Accuracy in detecting imitation attacks. The x-
axis shows the number of subjects, the y-axis shows the av- axis shows the number of subjects, the y-axis shows the
erage percentage of obfuscation attacks correctly classified. average percentage of imitation attacks correctly classified.
The error bars show the standard error for each experiment. The error bars show the standard error for each experiment.

(Brennan, M. R., & Greenstadt, R., 2009)



Vodeno skrivanje autorstva

e Kacmarcik, G., & Gamon, M. (2006). Obfuscating
document stylometry to preserve author
anonymity. In Proceedings of the COLING/ACL
on Main conference poster sessions (pp. 444-451).
Association for Computational Linguistics.



Vodeno skrivanje autorstva

e Koliko je lako autoru prezentirati potrebne izmjene?

e Koliko su postoje¢e metode otporne na ovakve
izmjene?

e Koliko je rada potrebno uloZiti u skrivanje?



Uenje stilometrijske reprezentacije

e Ding, S. H., Fung, B., Igbal, F., & Cheung, W. K.
(2016). Learning Stylometric Representations
for Authorship Analysis. arXiv preprint
arXiv:1606.01219.



Ulenje stilometrijske reprezentacije

Map each o utput
token to a output
vector

@fx
w
Map the topical

modality of this
documenttoa
numeric vector

Map the lexical
modality of this
documenttoa
numer ic vec tor

Map each Input
token to an input
vector

(Ding et al., 2016)
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Provjera autorstva

e Imamo primjere teksta jednoga autora, trebamo
identificirati je li text X pisao isti taj autor

e Ne postoji popis mogucih autora!

e TeZi problem od atribucije autorstva: ne postoji
puno radova!

e Problem negativnih primjera

« Sto je reprezentativan uzorak
ne-Shakespearovih tekstova?



Provjera autorstva

e Naivan pristup:
 uzorkovati reprezentativnu zbirku tekstova ¢iji
autor nije A
o trenirati binarni klasifikator A vs. ne-A
o konceptualni problem: novi tekst nekog novog
e Bolji pristupi:
» jednoklasna klasifikacija
o jesu li tekstovi X i Y nastali od istog autora?
= demaskiranje



Jednoklasni klasifikator
One-class SVM

X2 (duljina reCenica)
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Jednoklasni klasifikator

One-class SVM

X2 (duljina re€enica)
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Demaskiranje (Koppel et al.,2009)

e Nathaniel Hawthorne:
“Kuéa sa sedam zabata” vs. “Grimizno slovo”

e lzraZene, ali ogranicene razlike (“he" vs. “she”)

e |deja: stilisti¢ke razlike izmedu tekstova istog autora
su manje od razlika izmedu tekstova razli¢itih autora

e |terativno eliminirati znacajki klasifikatora

o Tekstovi koje klasifikator ne uspijeva vise razlikovati
tekstovi su istog autora

e Tekstovi razli¢itih autora imaju viSe razli¢itosti, pa
ih klasifikator i dalje uspjes$no razlikuje



Demaskiranje (Koppel et al.,2009)
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FIG. 3. Tenfold cross-validation accuracy of models distinguishing House
of Seven Gables from each of Hawthorne, Melville, and Cooper. The x axis
represents the number of iterations of eliminating best features at previous
iteration. The curve well below the others is that of Hawthorne, the actual
author.
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Profiliranje autora

e Imamo tekst anonimnog autora, nemamo kadnidate,
Zelimo zakljuditi o karakteristikama autora

e Sociolingvistika: razli¢ite grupe ljudi jezik koriste
na razli¢it nacin

e |denti¢ne metode kao i za atribuciju autorstva, ali ih
primijenjujemo kako bismo razlikovali grupe
autora, a ne pojedinacne autore

e Demografske znacajke: spol, dob, nacionalnost,
etni¢ka pripadnost, materinji jezik, politi¢ka
orijentacija, preference prema brendovima, bradni
status, prihod, velepetori model li¢nosti



Velepetori model
Trait l

openness

liénosti

Description

Curious, original, intellectual, creative, and open to
new ideas.

Conscientiousness

Organized, systematic, punctual, achievement
oriented, and dependable.

Extraversion

Outgoing, talkative, sociable, and enjoys being in
social situations.

Agreeableness

Affable, tolerant, sensitive, trusting, kind, and warm.

Neuroticism

http://www.web-books.

Anxious, irritable, temperamental, and moody.

com/eLibrary/0N/B0/B58/010MB58.html


http://www.web-books.com/eLibrary/ON/B0/B58/010MB58.html

Studija: Koppel et al. (2009)

e Spol+dob: 47.000 blogova s informacijama koje su
dali autori

e Materinji jezik: International Corpus of Learner
English (L2)
e Osobine liénosti: neuroti¢nost

o 20-minutni eseji studenata u stilu toka svijesti
 upitnik za peterofaktorski model



Studija: Koppel et al. (2009)

TABLE 5. Classification accuracy for profiling problems using different

feature sets.

Baseline  Style Content Style 4+ Content
Gender (2 classes) 50.0 72.0 75.1 76.1
Age (3 classes) 42.7 66.9 75.5 77.7
Language (5 classes) 20.0 65.1 82.3 79.3
Neuroticism (2 classes) 50.0 65.7 53.0 63.1




Studija: Koppel et al.

2009

TABLE 6. Most important style and content features (by information gain) for each class of texts in each profiling problem.

Class Style features Content features

Female personal pronoun, /, me, him, my cute, love, boyfriend, mom, feel

Male determiner, the, of, preposition-matter, as system, software, game, based, site

Teens im, so, thats, dont, cant haha, school, lol, wanna, bored

20s preposition, determiner, of, the, in apartment, office, work, job, bar

30s+ preposition, the, determiner, of, in years, wife, husband, daughter; children

Bulgarian pr interactant, iowever; pronoun-conscious, and bulgaria, university, imagination, bulgarian,
theoretical

Czech personal pronoun, usually, did, not, very czech, republic, able, care, started

French indeed, conjunction-elaboration, will, auxverb-future, auxverb-probability identity, europe, european, nation, gap

Russian can’t, i, can, over, every russia, russian, crimes, moscow, crime

Spanish determiner-specific, this, going_to, because, although spain, restoration, comedy, related, hardcastle

Neurotic myself, subject pronoun, reflexive pronoun, preposition-behalf, pronoun-speaker put, feel, worry, says, hurt

Non-neurotic

little, auxverbs-obligation, nonspecific determiner, up, preposition-agent

reading, next, cool, tired, bed




Profiliranje korisnika Twittera

e Culotta, A., Ravi, N. K., & Cutler, J. (2016).
Predicting Twitter User Demographics using
Distant Supervision from Website Traffic

Data. Journal of Artificial Intelligence Research, 55,
389-408.



Profiliranje korisnika Twittera

quantcast

Understand your audience
Find your next customer

Quantcast Measure | Quantcast Advertise | Quantcast Audience Grid
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Profiliranje korisnika Twittera

lifehacker
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Want Lifehacker's email newsletter?

These Airports Have the Most Delays Around Thanksgiving

Erc Ravenscrat

If you're traveling around the holidays, you should probably
expect delays at the airport. However, some are more prone

You may also like
to delays than others. This list shows the airports that are




Profiliranje korisnika

http://www.lifehacker.com

73% Male

19% Graduate School

30% $50-100k
12% Hispanic

lifehacker’s Neighbor Vector

C

D

Twittera
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1/2=05

Neighbors

Figure 1: Data model. We collect QuantCast demographic data for each website, then
construct a Neighbor Vector from the Twitter connections of that website,
based on the proportion of the website’s followers that are friends with each

neighbor.

(Cullota et al., 2016)



Jezik drustvenih medija

e Schwartz, H. A., Eichstaedt, J. C., Kern, M. L.,
Dziurzynski, L., Ramones, S. M., Agrawal, M., &
Ungar, L. H. (2013). Personality, gender, and
age in the language of social media: The

open-vocabulary approach. PloS one, 8(9),
e73791.



Jezik drustvenih medija

Volunteer Data

social media

gender personality 3) Visualization
location
messages age health manksgwmgﬂsuaqmamaZ|n
YL e
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extraction
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(Schwartz et al., 2013)



Jezik drustvenih medija

Language Coordinator Tool
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http://lexhub.org/langCoordinator/langCoordTool.html

Up/downspeak

e Bramsen, P., Escobar-Molano, M., Patel, A., &
Alonso, R. (2011). Extracting social power
relationships from natural language. In
Proceedings of the 49th Annual Meeting of the
Association for Computational Linguistics: Human
Language Technologies-Volume 1 (pp. 773-782).
Association for Computational Linguistics.



Up/downspeak

On Enron Emails

Lect Ngram
UpSpeak if you

Down- give me
Speak

Lect Ngram

Example

“Let me know if you need any-
thing.”

“Please call me if you have any
questions.”

“Read this over and give me a
call.”

“Please give me your comments
next week.”

Example

UpSpeak  T'll, we’ll “I’ll let you know the final re-

DownSpeak that is,
this is

sults soon”

“Everyone is very excited [...]
and we’re confident we ‘Il be
successful”

“Neither does any other group
but that is not my problem™

“I think this is an excellent let-

2

ter

(Bramsen et al., 2011)
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Otvoreni izazovi

Problem duljine teksta

Kako razlikovati izmedu autorstva, Zanra i teme

Problem nedovoljne to¢nosti (za pravosude)

Otvoreni skup autora
Robusnost kroz teme i Zanrove



Perspektive

e Natjecanja PAN (godidnje, od 2007)
e http://pan.webis.de/

e Sve vedi interes za NLP u sociolingyvistici
e Nguyen, D., Dogruoz, A. S., Rosé, C. P., & de
Jong, F. (2016). Computational
sociolinguistics: A survey. arXiv preprint
arXiv:1508.07544.


http://pan.webis.de/

Hvala na paZnji!

jan.snajder@fer.hr

Takelab

takelab.fer.hr
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