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Digital Forensic Linguistics

Basic research

O Linguistics of lying and deception

O Digital linguistics ] R &)

O Discourse structure of online , I I
conversations L L

O Linguistic variability

O Non-literal meaning )

Applications digital linguistic data

|

O Disinformation detection
O Hate speech detection
O Authorship analysis
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Intensifiers (really, so, very)

Intensifiers “add infensity” to an
utterance or property

2 contributions: R -
O Narrow semantic: heightened degree 7 e
O Not-at-issue: expressive value

37.2% of intensifiable adjective instances in fact have an
intensifier in spoken German (Stratton 2020)

Large variability across age groups and individuals:
This seal is extremely fat.

This seal is ultra fat.



How hard

Tjeerd Fokkens and Fredrik Engstrom
Department of Philosophy, Linguistics and Theory of Science, University of Gothenbul

Introduction

SNOMED CT, a now widely used medical database, once declared that
an amputation of a finger involves a complete amputation of the upper
limb. This is a typical Al horror scenario that we should all want to
avoid. The underlying automated reasoning system turned out to be
completely correct, however. The fault lay in human misunderstanding
of the logic.
This illustrates that, even for experts, logical inference puts a high
cognitive load on the human brain. But how big is this load? There are
many syntactic measures on the complexity of a logical inference, but
these fail to take into account the human factor and are demonstrably
inaccurate. Therefore, this research aims to construct a complexity
measure on logical inferences that agrees with human performance.
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Preliminary Results “Wery

The histogram below shows that the distribution of latenciesprenceyume
ABox's logical structure. There are two distinct peaks, €ach one related

to different runs of the algorithm. For this ABox, there is an easy way of
seeing its consistency, and there are two considerably harder ways that
are both almost equally difficult. This is because Module 1 needs to
check more atoms after two conjunction eliminations than after one

conjunction elimination.
Simulated time of inference

0.36
0.32
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Joint work with...

Michael Richter (Leipzig) and Roeland van Hout
(Radboud U.)

Hannah Seemann, Imge YuzUncuoglu (Bochum)
Lesley-Ann Kern (Bochum, now Marburg)

Tarig Youssef, Nathanael Philipp (LeipziQ)
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https://imgs.xkcd.com/static/tour_challenge.png

Linguistic variability in large digital data

(Scheffler/Richter/van Hout 2023, Scheffler/Seemann/Kern 2022)
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Variability on social media

Social media = informal language in written form
Phenomena typical of spoken language

Speakers’ language use differs between mediaq,
communities, etc.

Discourse level rarely studied

=> Create a corpus of different media with the same users
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Creating a cross-channel corpus

Elternbloggerkarte (i-»kp List members
A public list by Hanna Familiert b
Members Subscribers ‘L{‘ Meine Eltern-Zeit @eltern_zeit ( Follow ) 8
-~ ‘ #Mamabloa rund um Familienalltaa. Aktivit™
195 2 4= () meine-eltern-zeit.blogspot.com/feeds/posts/default E1 ¢

( Subscribe Meine Eltern-Zeit. Entspannt & Aktiv durch's Familienchaos?!
Baby-Fehlkiufe: Anschaffungen fiir die Babyzeit, die sich fiir uns nicht gelohnt haben
Tweets 13. November 2017 at 09:31

List members

Tweets Following

222 31

List subscribers

.,“,‘3

More lists |

Eternbloggerk . . Tweets Twee
Meine Eltern-Zeit
@eltern_zeit 4 Meine Elterr
: o ‘ Jetzt neu im
#Mamablog rund um Familienalltag, 9
Aktivitaten, Reisen & Entspannung © Transtate fro
- - 5 ¢ .
Wahrend der #Ene nzeit Und m't klemen INach unserer schwierigen Baby- und Elternzeit mit dergroBen Tochter war i
Kindern den Uberblick zu behalten. Andere wurden... nun ja, sagen wir mal, etwas anders verwendet, als urspringlich geplant... @.
aufs Schlimmste eingestellt. Ich wusste, dass es hart werden wiirde, und hatte ja auch schon ein bisschen Ahnung, was man so brat
herangegangen war, war ich nun beim zweiten Kind also bereit, mir wirklich alles anzuschaffen bzw. zu leihen, was nétig ware, um n
©) kamen viele Dinge ins Haus, diesich wirklich bei uns bewahrt haben — und eine praktische Checkliste um denUberblick zu behalten.

D) Eromieh A LS . P,
\ T COl uie vian-=eunan Al
XSS - y Hier sind sie also, unsere fiinf gréBten Baby-Fehlkufe:

& meine-eltern-zeit.blogspot.de

P

[e58 LA Y
i) JOInearvay-2o ™

Der Kinderwagen war streng genommen jetzt keine Fehlinvestition im eigentlichen Sinne, denn zumindest beim Einkaufen hatten wir
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TwiBloCoP (Twitter+Blog Corpus -

Parenting

Topic: family life and parenting
Collection: Oct 2016-Feb 2017
Explicit retrieval of author consent (opt-out)

Manual pseudonymization of personal names, locations,
and other identifying details:

,Clean sidewalks! In XXXXX ,Clean sidewalks! In [LOC]
they just flatten the snow and they just flatten the snow and
put insanse amounts of gravel | — | putinsanse amounts of gravel
(or whatever that's called) on (or whatever that's called) on

top.” top.”
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Overview: Cross channel corpus

Blog posts Tweets PCC (news)
users 44 44
items 468 81,440
tokens 361,117 1,170,888
type/token ratio (avg.) 0.28 0.22 0.54
word length (chars.) 4.68 4.85 6.36

TTR over first 1000 tokens (per user)

complexity measures indicate similarity to spoken data
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Social media items

B blog posts

tweets

2

, 1IN - —

Per 1000 tokens ATB capitalization Lengthening Emojis
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Infensifiers in social media

Use of intensifiers is associated >
i i ) so intensifien
with colloquial registers (speech)

v K e

formal

Formal vs. informal: speaker’s

choice
Intensifiers are equally frequent L

iNn both media (3x as frequent as *‘1
IN Nnews text) wWow

Formal: ‘wirklich’, ‘sehr’, ‘absolut’

Informal: ‘echt’, ‘krass’, ‘extrem’, ‘voll’, ‘vollig’, ‘total’,
‘ordentlich’, ‘sau’



Occurrence of Formal and Informal Intensifiers
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Distribution of Formal and Informal Intensifiers by Medium

1 Formal
B Informal

Blogs Tweets
Medium

RUB



Intensifiers, individually

percentage of formal intensifiers among all intensifiers

e

_—

N L~
| tweets
W blogs

T t e v 2 9 g M h VvV A 0 Q L a i v PP D I B 3 2Z 2z f Y X u W g K w ¢ 6 0 1 7 d 8 F 5 p R s r b n x k o y J N H 4 E G C S m |

~ same usage in blogs/tweets ~ more formal in blogs
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Intensifiers in digital medio

frequent use in social media
on aggregate more formal in blogs, less so in tweets

some individual differences: Some users employ mostly
formal intensifiers in blogs, some behave similar to the
way they behave on Twitter

=> Model intra-speaker variability



Intensifiers and Information
Theory
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What actually is an intfensifiere

2 conftributions:

O Narrow semantic: heightened degree
O Not-at-issue: expressive value

What is the difference between the many intensifiers in a
language?

Can information-theoretic notions explain the choice of
Intensifiere

What determines the order of stacked intensifierse
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Intensifiers in German

Large and changing set of words (Claudi 2006; Scheffler
et al. 2023: 124 frequent intensifiers)

They differ in expressivity: how much intensification is
expressed

Frequent, old intensifiers get semantically bleached
(weaker), but combine with more different adjectives
and intensifiers

New intensifiers are more surprising and stronger



Tokens ] B

Intensifier Approximate translation

S0 S0 33783
sehr very 10403
echt really 9861
voll fully 6855
ganz completely 5935
einfach simply 5566
wirklich really 3744
total totally 3163
richtig right 2609
mega mega 1264
schon beautifully 1001
verdammt damn 970
super super 847
extrem extremely 648
unglaublich unbelievably 603
vollig totally 596
gut good 572
sau (female) pig 565
sowas von S0 537
absolut absolutely 324
vollkommen totally 247
schwer hard 202
scheilRe shit 192
komplett completely 189
krass crass 186
unfassbar unbelievably 184
geil horny 172
gar even 160
besonders especially 147
arg very 141
hammer hammer 139
ubelst awfully 138
ur very 136
liber over 133
fucking fucking 128
wahnsinnig insanely 123
scheil shit 112
duRerst extremely 103
unendlich infinitely 94
furchtbar terribly 87

20



ok R |
Intensifier Approximate translation Tokens ’ B
doppelt doubly 82
dermaf3en so 75
unheimlich eerily 70
perfekt perfectly 69
unbeschreiblich indescribably 68
gold gold 66
schrecklich awfully 63
tbertrieben exaggerated 61
zutiefst profoundly 60
tibel awfully 56
ultra ultra 51
erstaunlich amazingly 51
hart hard 49
stark strong 49
hochst highest 48
irre crazy 45
derbe crudely 45
hoch high 44
wunder miraculously 37
genial ingeniously 37
traumbhaft dreamlike 35
wunderbar wonderfully 35
extra extra 33
ernsthaft seriously 32
tierisch animal-like 31
arsch ass 31
tief deep 30
extremst most extreme 30
abartig degraded 29
reichlich plenty 29
wunderschon miraculously beautiful 28
doll much 28
very very 27
schlimm badly 27
top top 26
heftig fiercely 26
krank sick 26
unnormal abnormal 25
enorm enormously 25
brutal brutally 24
mies lousy 24

21
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Intensifier stacking

Das ist doch hammer mega geill
‘That is (particle) hammer mega awesome’

a. Frankfurt ist so arsch weit
‘Frankfurt is so damn far’

. ¢ Frankfurt ist arsch so weit
¢ 'Frankfurt is damn so far’

What is the reason for intensifier stacking?
What explains the strong preferences for intensifier ordering?

— information theory

RUB

22
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Data collection

Conversation threads from Twitter (Scheffler, 2014): 6 mio tweets

Extract possible predicative phrases:
Sie st mutig
PPER VAFIN (6) (5) (4) (3) (2) (1) ADJD

Semi-automatically select intensifiers from the adj. modifiers
Re-extract intensified predicative phrases

Final list: 124 frequent intensifiers (excl. downtoners; >5 occ.)
38 (30.6%) also occurred as an adjective in our data

Focus on predicative phrases with 1-3 intensifiers

23
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Information measures

Local (paradigmatic) information (Shannon information
content): ICoq

— [w]
ICpcar = —log, |Intensifiers|)

Contextual information content (Markov transition): 1Cy,qns

ICgansW) = 1C(w) = L ¥ log,P(w,,,Iw,)
=1

24
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Correlation of IC,, .o and ICy 4

C Orre | O TIO n = - 9 ] 6 Scatter Plot of IC_local by IC_trans by category
category
16,000 ® standard
:wunschlos o S,
‘wishless’, gold ‘gold’  w= S2e ’:":..\ o v
°, *83

12000( o 00 e :.8 3

‘ . . :, e kll.g E 10,000 . it,:;‘ = : l“‘..;
disgusting’, gell o

‘horny’, fett ‘fat’, :
groBartig ‘great’, and R P
mies ‘bad’

4,000

2,000

El N fO C h ‘j U S'I' ! . 000 2,000 4,000 5,000 8,000 10,000 12,000
sentence adverb IC_trans



RUHR
UNIVERSITAT
BOCHUM

Results: Infensitying intensifiers

: : . 9 18.9%

We hypothesize that intensifiers mees
are further emphasized / SO 1 17.2%
strengthened by sehr 2 3,59
O erc]);:lgrlj]%r:eulhple intensifiers in richtig 3 5 8%
O grapheme lengthening or total / 2.5%
capitalization voll 4 2.39%
7492 out of 89358 intensified ganz > 2.0%
phrases (8.4%) contain stacked |schén 10 1.3%
intensifiers wirklich 6 0.5%
Variants are also frequent echt 3 0.5%
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Intensifier stacking

Several intensifiers in an AdjP increase the length of the phrase and
may thus increase expressiveness (Bennett/Goodman 2018)

(Richter/Van Hout 2020) observe for Dutch that an intensifier with a
high use value, IC;4ns . Often precedes other highly unexpected and
highly expressive intensifiers

Less expressive intensifiers thus prepare the processor for other more
unusual intensifiers. Their function as intensifier is also disambiguated

by their position (between “vanilla” intensifier and adjective)

Frankfurt ist so arsch weit
‘Frankfurt is so damn far’

27
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Uniform Information Density

hypothesis

Uniform distribution of information across a linguistic utterance
(Levy & Jaeger 2007)

Less informative words precede more informative ones; enable
their predictability (Fenk-Oczlon 1989)

Less expressive and surprising intensifiers thus prepare the
processor for other more unusual intensifiers.

s ] ]

Frankfurt s SO damn far Frankfurt s damn so far

28
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Results: Stacking order

We predict increasing ICi,cq from left to right in intensifier stacks
(least to most expressive)

Out of 4858 pairs, 269 violate this expectation (20%)

Most violations due to echt and wirklich ‘really’

Remainder:
183 violations out of 3108 pairs (5.9%)
Larger differences in information content should have a stronger
effect on the stacking order

Computed uniformity of information density for conforming and
violating intensifier stacks

29
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Results: Stacking order + information
densif

0.03-
Violations have a
different UID .
distribution Z002- violation
2 0
s 51
The differencein
iInformation is
very small in
“violations” 000~ - . | | |
-200 -150 -100 50 0

uiD

30
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10. II II

verdammt  schwer verdammt schwer

(a) Flow of IC in the phrase und ist so (b) Flow of IC when so is omitted.

verdammt schwer.
10- I I

ist verdammt so

(c) Flow of IC when the order of so and
verdammt is reversed.




dataset

ID_reguiar
UID_short

<0 -i0 0
as.numeric(UID)

(a) Information density of IC in the
blog data, compared to shortened
stacks.

004~

0.03-

dataset

UID_regular
UID_raverse

60 -0

20
as.numeric(UID)

(c) Information density of IC in the blog
data, compared to reversed stacks.
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0.003-

dataset

UID. reguiar
ID_short

density

0.002+

0.001+

0.000~

as.numeric(UID)

(b) Information density of TCM in the
blog data, compared to short stacks.

0.003+

dataset

UID_regular
UID_raverse

0.002-

density

0.001~

0.000-

400

200
as numeric(UID)

(d) Information density of TCM in the
blog data, compared to reversed stacks.

32
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Intfensifiers and Information Theory

Intensifiers differ in their expressive value

Newer/more informative intensifiers combine with fewer
adjectives. extremely strong correlation between IC . and the
range of following adjectives ICygns (-0.916)

Intensifiers are chosen for their surprisal and further
strengthened by lengthening, capitalization, and/or stacking

“Vanilla” intensifiers precede more unusual ones and contribute
to their interpretability

Information-theoretic study of intensifiers allows us to identify
“Yexceptions”, such as ambiguous words (einfach ‘simply’,
echt/wirklich ‘really’)

33
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‘Einfach’, ‘echt’, and ‘wirklich’

‘Einfach’
Focus particle (‘only’, ‘simply’)

Analysis based on exclusion of alternatives (Beltrama 2021)
‘Echt/wirklich’
VERUM focus, ‘really’ (Repp 2013, Romero 2015)

Focus on truth conditions
Wide (sentential) scope -> early position in predicative phrase

Intensifying function could be derived similar to ‘simply’?



|dentifying Intensifiers
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Intfensifiers are an open word class

Our list of intensifiers contains 174 not listed by Claudi
(2006) — 46 of Claudi’'s were not found in our corpus

Most frequent: ‘'so’ (see also Schumann 2021)

Rapid change from adjective, adverb, focus particle to
intensifier (but also other word classes)

Well defined typical position before a gradable adjective

— machine learning classifier

36
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Part of TwiBloCoP (Twitter+Blog Corpus — Parenting)

Automatic markup of all frequent intensifiers

Manual annotation correction to include all intensifiers

Y Y Y Y S Y S Y Y ST Y S S o

S RS [, R I R I Y,

<

= O W0

[

o

~]

<

<

$Text=Immer wieder

45-1
45-2
45-3
45-4
45-5
45-6
45-7
45-8
45-9
45-10

1986-1991
1992-1998
1999-2000
2001-2004
2005-2014
2015-201¢
2017-2020
2021-2025
2026-2034
2035-203¢6

mal unbewusst , mal ganz deutlich .
Immer
wieder

r

mal _
unbewusst

r

mal

ganz Intensifier
deutlich

37
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Statistical machine learning

BIO-annotation for intensifying phrases (so was von)
POS-tagging
80% training / 20% testing

CRF classifier

O Text, POS, casing (lower/upper) for current, previous and
next token

Baseline 1: SoMeWeTa POS tagger; PTKIFG (intensitying
particle) tag

Baseline 2: known intensifier before an adjective

38
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Statistical ML: Results

Macroaverage | Macroaverage | Macroaverage
Precision Recall F,
Baseline 1 0.45 0.49 0.47
Baseline 2 0.41 0.51 0.44
CRF classifier 0.84 0.77 0.80

39
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Intensifier Classification: BERT

Pretrained BERT-base from Huggingface

RUB

Trained on 20k examples (as a prototype) split info 70%
Train, 15% test and 15% validation datasets (Twitter only)

Epoch| Training |Validation| Overall Overall Overall Overall
Loss Loss Precision Recall F1 Accuracy
] 0.001800 | 0.003829 | 0.985060 | 0.988670 0.986862 0.999102
2 0.001400 | 0.001995 | 0.990353 | 0.992003 0.991177 0.999434
3 0.000400 | 0.002288 | 0.990685 | 0.992336 0.991510 0.999451

40
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Infensifiers

Intensifiers are extremely frequent, variable, and constantly
changing

Intensifiers differ in their expressive value

More informative intensifiers are less frequent and combine with
fewer adjectives

“Vanilla” intensifiers precede more unusual ones and contribute
to their interpretability

There is a close semantic link between intensifiers and other
particles, e.g., focus particles (really, just) and modal parficles
(wohl, French bien)

51
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Intensifiers: Further computational

models

Classifier for intensifiers (using statistical machine learning or
deep learning) vV

Cluster text by linguistic features such as intensifiers and
particles for register analysis vV

Which information values should be used, how do we
represent “information uniformity”¢

Train deep learning models to predict intensifiers and their
order

Predict intensifiers’ expressivity

52
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How do we capture creativity¢

ungeahnt

volligst

herrlich

abnormalst

sohoho, sio, doo, sool, soh
fking, fkin, f'n, fuckin'
vary

uhr

elends

megas

zer

umfucking

vollgas

def

definitiv 2

Uberkrass

hamma

gottes

gantz

sauig

immens

vllig

verhurt

allzu

monstermaBig

tofte
superoberhypergigamaximal
derbst

aeusserst
sensationellst
absoulut

vohll

rundum, rundherum
sack

grotten

#arg

scheif'

eminent

exorbitant
zucker
granatos
dollig

cutens

wrkl

kack
sterbens
Zuupa
gscheid

pIss
brauchebeimzeitungleseneinelesebrille
ganzschon
stroh

fluffing

dodal
oberhammer
verschissen
endlaser

53
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social medla . connectives

connect IVCS

o emoji
. dalsgMOTINL
la’ g hate spee h pra'glglil%lcccbm

apphcatlons NLP. NLP
=" question under discussion app lications s
dISCOUl se structure

emOJldISCOUI'SC structure Fialog

applications

tag questions’ o*tl hate speech 1 e pragmatics

ta qUC’bth“§ 11;1106 NLP
0. 30CIa

dxalo emop
circadian rhythm applications mmar

ta Guesions édmputatmnal soc1a1 sc1enc¢ emoji

hate speech gocial media’

TNLP Tree Ad]ommg Grammar Rate speech

social media

Mo | Metaphors
%Re | of Religion

“’ Faktenforum

OViCom
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