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information

» foreldsning 9 och datorlaboration har bytt plats i schemat
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var ar vi nu?

» de forsta foreldsningarna har varit ganska grundliggande

» nu kommer vi i stillet till tillAmpningarna
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kategorisering

» ett kategoriseringsprogram tar en text och placerar den i en
kategori

» vilken typ av kategorier vi anvdnder beror p& vad vi vill gora
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spamfiltrering

Clemens Cavallin ar docent i religionsvetenskap/religionshistoria
och kommer under seminariet att berdtta om sin tid vid ett av
USAs framsta liberal arts colleges, Haverford college, dar han under
hdstterminen 2013 fick m&jlighet att undervisa genom STINT och
Teaching Sabbatical (f.d. Excellence in Teaching).

Goda nyheter, Du VANN! Du VANN! DU VANN!!!' Du &r veckans
vinnare hos Karamba och du tog hem MEGA-BONUSEN! Ta reda
p& hur mycket du vann! Din mega-bonus innehaller:

1. 20 gratissnurr att spela dina favoritspel med

2. En chans att vinna den stora 1,000,000kr jackpotten!

3. 100% Vilkomstbonus

Sprak
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klassificering enligt dmne

» exempelvis ssom bibliotek gor
» SAB, LCC

A - Bok- och biblioteksvdsen

B - Allmant och blandat

C - Religion

E - Uppfostran och undervisning
G - Litteraturvetenskap

H - Skénlitteratur

| - Konst, musik, teater och film

L - Biografi med genealoq

N - Geografi

O - Samhalls- och rattsvetenskap

P - Teknik, industri och kommunikationer

R - Idrott, lek och spel
A - Musikalier
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malgruppsklassificering

> textsamlingen MedEval innehéller medicinsk text av

olika slag (Lakartidningen, etc) |
» vi kan anvinda ett kategoriseringsprogram for att

skilja pa text avsedd fér patienter och for
vardpersonal

> kategorisering av text enligt svarighetsgrad, t.ex.
for att hitta lampliga texter for inldrare
» t.ex. enligt CEFR (A1, ..., C2)
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att skilja p3 forfattare / forfattaregenskaper

> ar det Shakespeare eller Marlowe som har skrivet den har
texten?

» har forfattaren svenska som modersmal?
» &r texten Oversatt fradn ndgot annat sprék?
» ar forfattaren man eller kvinna?

> har forfattaren ndgon 8komma som paverkar spraket? (afasi
efter stroke, Alzheimer, ...)
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exempel: Federalist Papers

cl|e
2 k& :

*

_ g .

1 H tr Lo Hamilton (56 Papers)
= 1 )
g°

2

14

0

o _

= DIS uted (12 Pape

= ‘Madison {50 Papeg p 0

Sprak

% GOTEBORGS UNIVERSITET BAN KEN



example: disambiguation of word meaning in context

A woman and child suffered minor injuries after the car they were
riding in crashed into a rock wall Tuesday morning.

» what is the meaning of rock in this context?

¢ S:(n) rock, stone (a lump or mass of hard consolidated mineral matter) "he threw a
rock at me"

S: (n) rock, stone (material consisting of the aggregate of minerals like those making
up the Earth's crust) "that mountain is solid rock”; "stone is abundant in New England
and there are many quarries”

S:(n) Rock, John Rock (United States gynecologist and devout Catholic who
conducted the first clinical trials of the oral contraceptive pill (1890-1984))

S: (n) rock ((figurative) someone who is strong and stable and dependable) "he was
her rock during the crisis"; "Thou art Peter, and upon this rock | will build my
church™-Gospel According to Matthew

S: (n) rock candy, rock (hard bright-colored stick candy (typically flavored with
peppermint))

S: (n) rock 'n' roll, rock'n'roll, rock-and-roll. rock and roll, rock, rock music (a genre of
popular music originating in the 1950s; a blend of black rhythm-and-blues with white
country-and-western) "rock is a generic term for the range of styles that evolved out of
rock'n'rofl.”

¢ S:(n) rock, careen, sway, tilt (pitching dangerously to one side)
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kategorisering med avseende p& virdering
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automatisk analys av attityd och vardering i text

» kan ett datorprogram avgora vilka
varderingar/kanslor/attityder som uttrycks i en text?
> detta dr intressant i mdnga sammanhang, t.ex.

» fick min reklamkampanj ndgon matbar effekt i vad folk sager
p& ndtet om min produkt?
» hur populdr r Reinfeldt bland svenska skribenter p& nitet?

> damnet ar en djungel ndr det giller badde terminologi och
problemformulering:
» ‘“sentiment analysis”
» “opinion mining”
.

for oversikt, se t.ex. Pang och Lee (2008) eller Liu (2012)

v
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exempel

i

Grekisk pizzeria
Plaka
Utlandagatan 14

Det &r inte mycket som lockar till en pizzeria | dag eftersom det
ar oftast ar bukfylla utan vidare ambitioner, men ibland finns en
parallell taffel som kan glimra i hemlighet. Vi gick till Plaka som
ligger i ett annars restaurangsn3lt omride.

Vi anade snart att det var servitrisen som var kvallens blyga
beh&lining - snabb, vanlig, lvhérd. Plaka har en pizzameny med
hela 49 varianter mellan 85 och 95 kronor som slutar med en
Gyros Pizza. Det farefoll lika ackligt som Kebab Pizza. En matratt
frin helvetet som kanske borde returneras dit.

Darfar sneglade vi mot den grekiska menyn med den famlande
tanken om att den grekiska krisen kanske and3 inte natt 3nda
dit. Vi bestallde tvd standardforratter. Grillad halloumi och
friterad blackfisk. 1 halvfabrikatens varld fordras inget geni direkt

GOTEBORGS UNIVERSITET

Sprak

BANKEN



en mojlig problemformulering

> givet en text, kan ett datorprogram gissa . ..

» hur ménga GP-fyrar? (vdrdering) GPiiti

> bara bra / délig eller en skala?
> vilka slags varderingar ska vi tala om?

» vad ar det vi virderar? (d@mne)
> vilka saker som var bra och vilka var daliga? (aspekter)
» vem det dr som tycker? (kalla)
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mer dan GP-fyrar: Robert Plutchiks “wheel of emotions”
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enklaste fallet: avgor om positiv eller negativ

» enklast mdjliga uppgift: avgdr om ett dokument (t.ex. en
recension) uttrycker en positiv eller negativ vardering
» den naiva I8sningen:

» tilldela varje enskilt ord ndgon “podng” oberoende av sitt
sammanhang

> poangen kan komma fran ett lexikon eller en statistisk modell
(Pang, Lee, Vaithyanathan, 2002)
» summera alla podng
» om summan storre dn en given troskel antas dokumentet
uttrycka positiv vardering, annars negativ

» denna I8sning ar uppenbart lingvistiskt bristfallig men oerhort
svar att sld i praktiken

» typiskt runt 85% korrekthet for t.ex. filmrecensioner (se t.ex.
Pang, Lee, Vaithyanathan, 2002; Johansson och Moschitti, 2013)
» dock ganska genre-kanslig! (Blitzer et al., 2007)
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statsvetenskaplig tillampning

» Demartini et al. (2011) anvdnde vérderingsanalysverktyg i ett
stort antal bloggtexter frén hdsten 2008 (Obama mot McCain)

» de kunde visa p& en korrelation dver tiden med traditionella
opinionsunderstkningar

Estimation vs. Ground Truth

poll estimation [-1 1]

time interval
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diskursstruktur och varderingar

> utsagorna i en text dr inte oberoende utan de ar
sammanlankade i en argumentationskedja — en
diskursstruktur

» exempel: kontrastrelation
Rummet stank av cigarettrok men utsikten Sver Seine var fantastisk.
» exempel: forstarkningsrelation
Puben hade en mysig atmosfdr och dessutom var inredningen smakfull.
» det dr uppenbart att argumentationen spelar en viktig roll nar
varderingar uttrycks

» ...och den ordbaserade modellen 3r teoretiskt undermailig
(bl.a.) eftersom den inte tar hansyn till detta

GOTEBORGS UNIVERSITET



hjalper automatisk diskursstrukturanalys?

» diskursstruktur t.ex. enligt PDTB kan vi (till en viss del)
analysera automatiskt

> ...men de flesta forsok att tillimpa detta for analys av
varderingar har inte lyckats

> alldeles nyligen har det kommit fungerande modeller som
anvander diskurs (Lazaridou et al., 2013; Socher et al., 2013)

» detta dr genre-specifika statistiska modeller som oftast inte
anknyter till diskursteori: framtiden f&r utvisa om de kan goras
mer allmant tillimpliga
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dokumentklassificering med hjalp av ordlistor
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one approach: use a sentiment wordlist

. for instance the MPQA list

type=strongsubj len=1 wordl=wretchedly posl=anypos stemmedl=n priorpolarity=negative
type=strongsubj] len=1 wordl=wretchedness posl=noun stemmedl=n priorpolarity=negative
type=weaksubj len=1 wordl=writhe posl=verb stemmedl=y priorpolarity=negative
type=weaksubj len=1 wordl=wrong posl=adj stemmedl=n priorpolarity=negative
type=weaksubj len=1 wordl=wrong posl=anypos stemmedl=y priorpolarity=negative
type=weaksub] len=1 wordl=wrongful posl=adj stemmedl=n priorpolarity=negative
type=strongsubj len=1 wordl=wrongly posl=anypos stemmedl=y priorpolarity=negative
type=weaksubj len=1 wordl=wrought posl=adj stemmedl=n priorpolarity=negative
type=weaksub] len=1 wordl=wrought posl=noun stemmedl=n priorpolarity=negative

type=strongsubj
type=strongsub
type=strongsub
type=strongsub
type=strongsub
type=strongsub
type=strongsub]
type=strongsub
type=strongsub
type=strongsub

len=1
len=1
len=1
len=1
len=1
len=1
len=1
len=1
len=1
len=1

wordl=wry posl=adj stemmedl=n priorpolarity=positive
wordl=yawn posl=noun stemmedl=n priorpolarity=negative
wordl=yawn posl=verb stemmedl=y priorpolarity=negative
wordl=yeah posl=anypos stemmedl=y priorpolarity=neutral
wordl=yearn posl=verb stemmedl=y priorpolarity=positive
wordl=yearning posl=noun stemmedl=n priorpolarity=positive
wordl=yearningly posl=anypos stemmedl=n priorpolarity=positive
wordl=yelp posl=verb stemmedl=y priorpolarity=negative
wordl=yep posl=anypos stemmedl=y priorpolarity=positive
wordl=yes posl=anypos stemmedl=y priorpolarity=positive

type=weaksubj len=1 wordl=youthful posl=adj stemmedl=n priorpolarity=positive

type=strongsubj
type=strongsub]
type=strongsub
type=strongsub
type=strongsub
type=strongsub

len=1
len=1
len=1
len=1
len=1
len=1
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wordl=zeal posl=noun stemmedl=n priorpolarity=positive
wordl=zealot posl=noun stemmedl=n priorpolarity=negative
wordl=zealous posl=adj stemmedl=n priorpolarity=negative
wordl=zealously posl=anypos stemmedl=n priorpolarity=negative
wordl=zenith posl=noun stemmedl=n priorpolarity=positive
wordl=zest posl=noun stemmedl=n priorpolarity=positive



one approach: use a sentiment wordlist

> ...eller SentiWordNet

ugly#4 horrifyingZ#l horrible#l frightful#l atrocious#3

provoking horror; "an atrocious automaohbile accident”; "a f
Churchill; "an ugly wound"

P:0 0:0.375 N: 0.625
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document sentiment by summing word scores

» store all MPQA sentiment values in a table as numerical values
» e.g. 2 points for strong positive, -1 point for weak negative

» predict the overall sentiment value of the document by
summing the scores of each word occurring

def guess_sentiment(document, score_table):
score = 0
for word in document:
score = score + score_table.get(word, 0)
if score >= 0:
return "pos"
else:

return "neg"
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oversikt

utvirdering
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testmangder

» for att utvardera kategoriserare anvinder vi en testmangd -
ett facit

» vi kan jamfora kategoriserarens automatiska gissningar med
detta facit och darefter berdkna korrekthet (accuracy):

antal korrekta gissningar

~ antal dokument i testmingden
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exempel

facit gissning
P

-

V2TV =22222
22220222

> i denna testmangd har vi 70% korrekthet
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experiment

> we evaluate on 50% of a sentiment dataset
http://www.cs. jhu.edu/ "mdredze/datasets/sentiment/

def evaluate(labeled_documents, score_table):
ncorrect = 0
for label, document in labeled_documents:
guess = guess_sentiment (document, score_table)
if guess == label:
ncorrect = ncorrect + 1
return float(ncorrect) / len(labeled_documents)

» with MPQA, we get an accuracy of 59.5%
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http://www.cs.jhu.edu/~mdredze/datasets/sentiment/

precision och tickning

» i bland har vi uppgifter av typen “hitta nélen i hdstacken”
» d3 dr korrekthet mindre intressant (varfor?)

» vi anvinder d& i stillet precision och tackning
(precision/ recall)

antal korrekta positiva

antal positiva gissningar

antal korrekta positiva

antal positiva i testmingden
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exempel

facit gissning

-

P

v2T0T22=2227
vT=Z2=Z2220T=222

» precision =2 / 3 =67%
> tackning =2/ 4 = 50%
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forhallande mellan precision och tackning

» ar precision eller tickning viktigast? det beror p& vad vi gor:

» doma ndgon for mord: hog precision
» leta bomber p3 flygplatsen: hdg tackning

» ofta kan man goéra en avvigning mellan precision och tickning
> t.ex. genom att dndra troskelvardet till ndgot annat &n 0
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forhallande mellan precision och tiackning: exempel

» exempel: hitta positiva recensioner

Recall

o7 os
Precision

» varfor ar det |att att f8 100% tickning men svarare att f&
100% precision?
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automatiska metoder for att skapa ordtabeller
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can we do better?

> it's hard to set the word scores in the table

» what if we don't even have a resource such as MPQA or
SentiWordNet?

» can we set the word scores automatically?
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“traning” av kategoriseringssystem

> we are given a set of examples (e.g. reviews)

> each example comes with a positive or negative label added
manually

> we then use these examples to “train” a categorizer

> ...can then be used to classify reviews we haven't seen before
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features for categorization

> to be able to classify an document, we must describe its
properties: features

» useful information that we believe helps us tell the classes apart

» this is an art more than a science

> examples:

» in document classification, typically the words
» ... but also stylistic or structural features such as sentence
length, word variation, syntactic complexity
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oversikt av traning

machine

[label |
N learning
extractor

AN
feature classifier
(T IT] [ label |
. extractor model

Sprak
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an idea for setting the scores in the table automatically

» start with an empty word score table (instead of using MPQA)

» classify documents according to the current table

» each time we misclassify, change the table a bit
» if a positive document was misclassified, add 1 to the score of
each word in the document
» and conversely . ..

def train_by_errors(labeled_documents, number_iterations):
score_table = {}
for iteration in range(number_iterations):
for label, document in labeled_documents:
guess = guess_sentiment(document, score_table)
if label == "pos" and guess == "neg":
for word in document:
score_table[word] = score_table.get(word, 0) + 1
elif label == "neg" and guess == "pos":
for word in document:
score_table[word] = score_table.get(word, 0) - 1
return score_table
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new experiment

» we compute the score table using 50% of the sentiment data
and test on the other half

» the accuracy is 81.4%, up from the 59.5% we had when we
used the MPQA

» train_by_errors is called the perceptron algorithm and is
one of the most widely used machine learning algorithms
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examples of the word scores

amazing 171
easy 124
perfect 109
highly 108
five 107
excellent 104
enjoy 93

job 92
question 90
wonderful 90
performance 83
those 80

r&b 80

loves 79

best 78
recommended 77
favorite 77
included 76
medical 75

. america 74
GOTEBORGS UNIVERSITET

waste -175

worst -168

boring -154

poor -134

¢ -130
unfortunately -122
horrible -118

ok -111
disappointment -109
unless -108

called -103
example -100

bad -100

save -99

bunch -98

talk -96

useless -95

author -94

effort -94

oh -94



tillampning Twitter-meddelanden

» min masterstudent utvecklade ett varderingsanalysverktyg for
engelska Twitter-meddelanden (Giinther, 2013)

» exempel for svenska (samarbete med inst. for statsvetenskap)

hehe: 8.10221666194292
glad: 7.352553519116041
nice: 7.295245127519536
fint: 7.050338664221716

trevligt: 6.990588423141296
haha: 6.20050756063502

roligt: 5.783331192129283

bist: 5.553355942717432

gillar: 5.46573713292561

&lskar: 5.397436760706412
0011101101100: 5.208547439882868
great: 5.1106956158441

gott: 5.072610362259834

/ @: 5.047366648930172

snyggt: 5.000351705216223
thanks: 4.955087233838285

bésta: 4.934822139250934

good: 4.933667007970653

trevlig: 4.900781046982166
grattis: 4.74212010418576

happy: 4.611786541918463
0011101101110: 4.596190625930094
hahaha: 4.526232478489328
0011101101111: 4.524749438728765
coolt: 4.480482070619616

haha ,: 4.441341640333299

: @: 4.412427150745611

absolut: 4.37189271825136

grymt: 4.357319347565992

tyvarr: -10.22318679483943
trakigt: -9.78336129305762
trist: -9.615096375296792
sad: -8.719382038303367
sorry: -7.862172199124354
ledsen: -7.664423909954896
00111111101010: -7.516806324583317
synd: -7.480396928270459
missar: -7.429289981635725
kan int -7.28691959310897
krya: -6.919040650242962
sjuk: -6.863803876545991
missade: -6.844046465977916
stackars: -6.662102403285653
fail: -6.571241352077368
1011110010: -6.234619681580576
usch: -6.202110297168491
ont: -6.094625132706771
saknar: -5.943933909034524
jag som: -5.853490362531544
inte bra: -5.778972275531888
pga: -5.717375928269563
sucks: -5.674802773015557
): -5.575717750002824
miss: -5.548370276590176
? !: -5.540807513845234
sorgligt: -5.416686839298432 S
0110000111: -5.403851537862249
kram: -5.336685239489895
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oversikt

om kategorisystemet dr okant
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om kategorierna ar okdnda

» vi har nu sett hur man kan kategorisera dokument enligt ett
givet kategorisystem

» positiv/negativ, svar/litt, mneskategori, ...

» i bland vill vi studera en korpus av dokument utan att p3
forhand veta hur kategorierna ar fordelade, eller ens vilka
kategorier som finns

» metoder att tillampa i sédana sammanhang

» klustring: dokumentet hamnar i en avgrdnsad kategori
» topic modeling: dokumentet ses som en blandning av
kategorier

GOTEBORGS UNIVERSITET



klustring

» klustring anvands for att gruppera objekt (t.ex. dokument) i
olika grupper

> idén &r att liknande dokument ska hamna i samma grupp

Estimated number of clusters: 3

-1t

-2t

A Sprak

GOTEBORGS UM BANKEN




likhetsm3att

> vi sa att klustringen samlar ihop dokument som &r “lika”, men
vad betyder det?

> klustringen behdver anvdnda ett likhetsmatt som siger hur
pass lika tvd dokument ar
» hur likhetsmattet fungerar beror p& vad vi ar intresserade av

» t.ex. om vi vill gruppera dokumenten efter amne, s3 vill vi
formodligen avldgsna grammatiska funktionsord och liknande

» & andra sidan, funktionsorden kan vara informativa om vi vill
gruppera pa nagot annat satt
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geometrisk jamforelse av tvd texter

D1 D2 D3
fotboll 5 2 3
tarta 1 3 4

f(fotboll)

D1

likhet

D3

D2

f(tarta)

GOTEBORGS UNIVERSITET
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Topic modeling

v

For documents, clustering is sometimes too simple

v

A document contains more than one “topic”

» Example: a camera review has a camera topic and a sentiment
topic

v

Topic modeling for a corpus of documents:
1. Find the “topics” in the corpus
> A topic is a probability distribution over words

2. Analyze documents as composed by the topics

v

The most popular topic model is called Latent Dirichlet
Allocation (LDA)
> http://www.cs.princeton.edu/"blei/topicmodeling.html

> Mallet
> Mahout

GOTEBORGS UNIVERSITET


http://www.cs.princeton.edu/~blei/topicmodeling.html

example of topic model analysis of War and Peace

Ill:llzl-

love nature religion money

marry 0.04
wedding 0.04
heart  0.03
miss 0.03
dear 0.02
propose 0.02
kiss 0.01

dear

GOTEBORGS UNIVERSITET



ytterligare ett exempel

Chance and Statistical Significance in Protein and
DNA Sequence Analysis

Samuel Karlin and Volker Brendel

Top words from the top topics (by term score) Expected topic proportions
q 1ce d resid p
region average binding methods
per range domains number 2
identified values helix two E
fragments different cys principle
two size regions design R
genes three structure access b
three calculated terminus processing
cdna two terminal advantage
analysis low site important ¢ J - 0 ]

Abstract with the most likely topic assignments

Statistical approaches help in the determination of significant configurations in protein and
nucleic acid sequence [datal Three recent statisticall methods are discussed: (i) score-
based sequence analysis that provides a means for characterizing anomalies in logal
sequence text and for evaluating sequence comparisons; (i) quantile distributions cf amino
acid usage that reveal general compositional BigiE88 in preteins and evolutionary fefations;
and (i) r-scan [SIaliStigs] that can be[@ppligd]to the analysis of spacings of sequence
markers.




oversikt

fortsattningen
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fortsattningen

» nista foreldsning: morfologi och ordklassanalys
» tillbaka i humanisthuset (C452)
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