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Clickbait Detection

by Kristof Komlossy, Putrasandy Dana Riawan Sebastian Schuster

Why you should ALWAYS drink red wine
when you smoke, according to medical
report

This Teen Blew Everyone Out Of The
Water With Her Insane
Prom Entrance



Definition

* A headline is considered as clickbait If its main
purpose Is to make the user click on the link by
unnecessarily omitting crucial information,

creating a curiosity gap.

* Aclickbait is also present if there is an
exaggerating headline which has nothing to do

with the content.

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection



Reasons

* Increase of clickbait over the last few years

 Not much existing reasearch (yet)

Problems

* Lowers the perception and standards of
journalism

e Trains reader to skim over articles

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection



Solution

» Journalists could abandon practice

* Readers could stop rewarding clickbait

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection



Solution

) ; L aban .
) | " s cliclebo

» give users a tool to detect clickbait content
(maybe hide it)

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection



Process

e Searched for concise clickbait definition

* Archived tweets[more than 250,000] and
related media of news publishers

- Scored after degree of clickbait by
Amazon Mechanical Turk workers

 Use certain features of the data to train the
classifiers

* Write browser plugin

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection
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Solution

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection



Sources

http://www.dailymail.co.uk/health/article-
3939616/Why-drink-red-wine-smoke-according-
medical-report.html

https://www.buzzfeed.com/stephaniemcneal/peopl
e-are-losing-their-minds-over-this-teens-insanely-
over

Bauhaus Universitdat Weimar; Webis-Group: Clickbait Detection



GPU Based Text-
Analytics

André Karge
andre.karge@uni-weimar.de

Benedikt S. Vogler
benedikt.vogler@uni-weimar.de
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Setup












Three times



1,5 TB RAM

8x GeForce GTX 1080 (8113MiB)
2 Intel Xeon CPU:

SSDs







Steps

Install Software
Health Checks
Train own Deep Learning Networks

Improve









Supervised Learning

Cluster

» Hund®/ Katze”

Katze J




geglattet Kosten Uber Epochen






Convolution

Kernel

convoluted data

subsampling
/ pooling




,Neural networks are engineering, they are not
applied mathematics [...]"

—-S. Matthews, review of machine learning book


https://www.amazon.com/gp/pdp/profile/A1HHSCH9YA57GL/ref=cm_cr_rdp_pdp_enth

This is offensive language!!
Stop attacking me

Negin Yaghoubisharif, Masoud Allahyari,
Patrick Saad, Christian Paffrath, Philipp Rudloff

Supervisor: Khalid Al-Khatib



Introduction

Donald J. Trump

(@caaataclysm Little Jon Stewart(?) Is a pussy, he

would be hopeless in a debate with me!

07:22 am - 11 Mai 2013
https://twitter.com/realDonald Trump/status/333089735570493440

This is offensive language!! Stop attacking me Bauhaus-Universitat Weimar — WS15/16
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Introduction

D nald 1| Triimn

CP

| heard someone say “All russians are drunk
bastards” on the bus today.
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Introduction

D nald 1| Triimn

CP

| heard someone say “All russians are drunk
bastards” on the bus today.

PD

Those sick dogs!

This is offensive language!! Stop attacking me Bauhaus-Universitat Weimar — WS15/16
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Overview

Goal

e Annotated dataset for offensive language studies

e Classifier with good prediction accuracy, even for new datasets

This is offensive language!! Stop attacking me Bauhaus-Universitat Weimar — WS15/16
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e Classifier with good prediction accuracy, even for new datasets
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e Unannotated dataset: e.g. Twitter tweets
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Overview

Goal

e Annotated dataset for offensive language studies

e Classifier with good prediction accuracy, even for new datasets

Input
e Unannotated dataset: e.g. Twitter tweets
Process

e Data annotation: crowdsourced instead of expert
e Machine learning method: active instead of passive learning

e C(Classification: Offensive, Other

This is offensive language!! Stop attacking me
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Process

Crowdsourcing

e Amazon Mechanical Turk (AMT)

° Why
o Annotate a large amount of data (HITs)
m Scalable
o Cost

This is offensive language!! Stop attacking me Bauhaus-Universitat Weimar — WS15/16



Process

Crowdsourcing

e Amazon Mechanical Turk (AMT)

° Why
o Annotate a large amount of data (HITs)
m Scalable
o Cost

Example with Twitter dataset

e Send tweets for annotation as Human
Intelligence Tasks (HITs)

e Receive annotated HITs

This is offensive language!! Stop attacking me
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Process

Active Learning

Query by uncertainty Oracle
Unlabelled "1 (Amazon Mechanical Turk)

Dataset

“___,_,_._--'

Machine Learning | Train on labelled instances
Model

Labelled
Dataset

This is offensive language!! Stop attacking me Bauhaus-Universitat Weimar — WS15/16



Applications

e Browser plugin to hide/mark offensive content

e Automatically flag content for moderation

o Wordpress

o All sites that have user-generated content

e Use degree of offensiveness as quality measurement for posts

o Numerical value that shows an offensiveness score for every post

This is offensive language!! Stop attacking me Bauhaus-Universitat Weimar — WS15/16



Essay Scoring

Patrick Saad, Yamen Ajjour, Henning Wachsmuth, Khalid Al-Khatib
WS15-16 project | HIWIin 2016

HIWI supervisors: Khalid Al-Khatib, Henning Wachsmuth



Essay Scoring

The goal is to ...

improve the efficiency of large-scale essay scoring

> International Corpus of Learner English (ICLE) (Granger et al., 2009)

> 10 prompt topics

Patrick Saad, Yamen Ajjour, Henning Wachsmuth, Khalid Al-Khatib | Webis 2016



Essay Scoring

What kind of score

Score between 1 to 4 regarding a specific dimension

> Argument Strength (Persing et al., 2015)
> Thesis Clarity (Persing et al., 2013)

more examples
> Organization
> Coherence

Patrick Saad, Yamen Ajjour, Henning Wachsmuth, Khalid Al-Khatib | Webis 2016



Essay Scoring

Technical

What we used Results

> Apache UIMA

> JAVA 8 : Patrick et
Persing et al.
> Tomcat 8 Yamen

Features Argument Strength 0.244 0.2251

> POS (1-5)

> Token N-grams (1-3)
> Sentiment Analysis Thesis Clarity 0.369 0.437

> Argumentative Discourse Units

> Document Foundness
Patrick Saad, Yamen Ajjour, Henning Wachsmuth, Khalid Al-Khatib | Webis 2016



Essay Scoring

Online demo

http://webis16.medien.uni-weimar.de/essay-scoring

Patrick Saad, Yamen Ajjour, Henning Wachsmuth, Khalid Al-Khatib | Webis 2016


http://webis16.medien.uni-weimar.de/essay-scoring
http://webis16.medien.uni-weimar.de/essay-scoring

Bauhaus-Universitat Weimar
Media Faculty
Webis

Argument Unit Segmentation

By: Yamen Ajjour (HIWI)

Supervisor : Johannes Kiesel



Argument Unit Segmentation
Motivation

Essay Scoring Systems

Essay Scoring System 1 7

The essay makes
a strong argument

12.01.2017 Bauhaus-Universitdt Weimar | Webis



Argument Unit Segmentation
Motivation

Argument Search Engine

Abortion should be banned Q Search Arguments

There are practical problems with banning abortions

show attacking arguments show supporting arguments  Attack

There can be medical reasons for terminating a pregnancy

show attacking arguments show supporting arguments  Attack

Legalizing abortion leads to irresponsible sexual behaviour

show attacking arguments show supporting arguments  Support

12.01.2017 Bauhaus-Universitdt Weimar | Webis



Argument Unit Segmentation
What Is an argument ?

An argument is a set of argument units ( a conclusion and set of premises )

| should get a good grade in my exams

/N

| studied alot ‘ ‘I studied effectively

12.01.2017 Bauhaus-Universitdt Weimar | Webis



Argument Unit Segmentation
Problem Definition

Given a plain text how to split it into text segments that cover
argument units ?

Argument Units
Candidates

12.01.2017 Bauhaus-Universitdt Weimar | Webis 5



Argument Unit Segmentation

Approach

e Co

nventional: An argument unit spans a grammatical unit, such as

clause or sentence

« Training a classifier to distinguish the boundaries of an argument

uni

t

An input instance: Each two consecutive words is a boundary
candidate

Features :

* Is the boundary candidate at the start of a clause
» Is the boundary candidate after a comma
* Is the boundary candidate after a connective

I should pass the exam because‘l studied alot and |l studied effectively.

Positive Boundary Candidate ‘

Negative Boundary Candidate

12.01.2017

Bauhaus-Universitdt Weimar | Webis 6



Hiwi Work:
Web Resources for Argument Mining
by Kevin Lang and Jakob Herpel



Motivation

We want to develop a system to detect
arguments.

To improve...

e Search Engines
e Dialog Systems
e \Writing Assistant Applications



Solution: Machine Learning!

e Problem: require labeled dataset
(manual labeling very difficult and
expensive)

e Solution: automatic creation of labeled
dataset for argument mining

How? Finding appropriate web resources
and filter them automatically!



ClueWeb12



“Classifying Arguments by Scheme” by Feng and Hirst, 2011

Argument from example

Argument from cause to effect
Practical reasoning

Argument from consequences
Argument from verbal classification



Consequences in ClueWeb12

e How to extract consequences:
o lexical indicators, sentiment analysis,
relatedness to good/bad concepts

o We use:
o regular expressions, sentiment analysis tools, word2vec



Wiki Talks






Comment Tags



How:

e parsing wiki discussions with
user's metadata (e.g., support
and opposed tags)

Challenges:

e ambiguous discussion
hierarchies

tagged
~10 thousand comments




Conclusion

e Exploited two web resources:
(a) clueweb12 and (b) wiki talks
for argument mining.

e |nvestigated how to extract argument
consequences from (a) and argument
discourse structures from (b).



Future Works

e Understand segments and parts of sentence where to find
consequences

e Fix hierarchy problem by generating more
heuristic rules to fix the structure
of ill-formed discussions




Thanks for your Attention!



Vandalism In Wikipedia

Milad Alshomary

Bauhaus University

Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

- Vandalism is defined by Wikipedia as : “Any malicious edit which attempts

to reverse the main goal of the project of Wikipedia.”

Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

- Solutions against vandalism:
- Reviewing edits and contributions by users.
- Automated tools to prevent vandalism.
- What about mining the vandalism and trying to understand the

pattern behind it?

Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

- Aresearch to perform spatio-temporal analysis of vandalism on Wikipedia.

Johannes Kiesel Martin Potthast Matthias Hagen Benno Stein

Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

Interactive web interface to communicate the results:

How the spatial

distribution of

vandalism ratio looks

like?

Heat map of vandalism ratio

Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

Interactive web interface to communicate the results:

How the vandalism

ratio changes over
hour of day in each

season in USA?

Hour of the day to ratio of vandalism ( By season)
Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

Interactive web interface to communicate the results:

How the vandalism

ratio changes over
hour of day for each
week day in USA?

Hour of the day to ratio of vandalism (By day of the week)

Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

Interactive web interface to communicate the results:

How the vandalism

ratio changes over
hour of day for each

week day in France?

Hour of the day to ratio of vandalism (By day of the week) In France
Bauhaus-Universitat Weimar — WS16/17



Vandalism In Wikipedia

- Research Results :

Vandalism is related to work/study habits!!

Vandalism may be a form of stress-relief

Bauhaus-Universitat Weimar — WS16/17



Argumentation Strategies

Khalid Al-Khatib, Henning Wachsmuth, Benno Stein

Bauhaus-Universitat Weimar



How to write a
convincing text?

WE NEED

U

[ Content }




DIORDDY

Arguments

Topic

A
B
C
D
E
F
G

=Y

Operator-based argumentative text Generator

DOVDD

Select Order Phrase
Patterns Patterns Patterns
Select [ Order }

B E E
D F F
E G G
F B B
G D D




E eleat Fatterns j W -

e e e

Positive or negative :
claims and facts. Argument structure Rhetorical figures
Perspectives : :
. oY Discourse structure Information structure
(economic vs. politic)

Personality Argumentative flow Function words




2017 ACM DEBS Grand Challenge

12. Januar 2017



2017 DEBS Grand Challenge

Overview

@ goal: detecting anomalies in the behaviour of a manufacturing machine
using sensor data
@ restrictions:

o two different types of machine: injection molding machine and assembly
machine
o sensor data delivered at a certain time
o following procedure for detecting the anomalies:
@ clustering all the data of one sensor and one machine in the last W time units
(where number of cluster is given)
@ modelling the transitions from one cluster centre to another as a Markov
process
@ detecting anomalies

e input: sensor data of each machine represented as RDF tuples containing
information on type, number of clusters per dimension and machine
instance, current sensor data, timestamp

e output: anomaly or not in a certain dimension and in a certain machine in
RDF



A Large-scale Analysis of the Mnemonic Password Advice

Johannes Kiesel, Benno Stein, Stefan Lucks
Bauhaus-Universitat Weimar
www.webis.de

Weimar, January 12t 2017
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Problem: You need a new password

Password: |

Show password



Problem: You need a new password

Method: Standard

Let's just pick...

Password: = Password123

Show password



Problem: You need a new password

Method: Dictionary

Password:

CJEICIEDES
> (CJEICIEIL
HHIESENIERIES
-JEI(IEDESD

embalm fuss yogi Iayupl

Show password

embalm
fuss
yogi
layup



Problem: You need a new password

Method: Mnemonic

When | walked to the grocery store,
there were camels flying overhead

Password: = WIw2tgs,twcfo

Show password



What method is best?

Example: passwords with on average 9 characters
(an overly simple comparison)

Method Standard" Dictionary? Mnemonic® Max*

Like rolling a dice with 10° 107 ? 1017 faces
1J. Bonneau, “The Science of Guessing: Analyzing an Anonymized Corpus of 70 Million Passwords”, 2012. Average length unknown, but current minimum of the service is 8.
2Two diceware words, average length of 9.5
3Minimum length of 8, average length of 9.4
4

Uniform distribution over 95 characters, length of 9
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What method is best?

Example: passwords with on average 9 characters
(an overly simple comparison)

Method Standard" Dictionary? Mnemonic® Max*
Like rolling a dice with 10® 107 101! 101" faces

Our approach:

J. Bonneau, “The Science of Guessing: Analyzing an Anonymized Corpus of 70 Million Passwords”, 2012. Average length unknown, but current minimum of the service is 8.
Two diceware words, average length of 9.5

Minimum length of 8, average length of 9.4

Uniform distribution over 95 characters, length of 9
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What method is best?

Example: passwords with on average 9 characters
(an overly simple comparison)

Method Standard"  Dictionary? Mnemonic®

Like rolling a dice with 10® 107 101!

10% faces

Our approach:

$ 2

WIlw2tgs,twcfo = Pdnatraia7dowyrti

Two diceware words, average length of 9.5
Minimum length of 8, average length of 9.4
Uniform distribution over 95 characters, length of 9

A W N =

J. Bonneau, “The Science of Guessing: Analyzing an Anonymized Corpus of 70 Million Passwords”, 2012. Average length unknown, but current minimum of the service is 8.



Qur research

The data

730,000,000
3,400,000,000
25,000,000,000
6,400

970

Web pages (ClueWeb12, 27.3 TB)
Sentences (aitools4-ag-web-page-content-extraction)
Passwords (18 password generation rules)
Language models (5.1 TB)
Strength estimates (4 metrics)

Selected results for mnemonic passwords:

o Use lowercase letters only, but one character more
0 Sentence complexity does not play a big role
o Password strength is far worse than for purely random passwords



Qur research

The data

730,000,000
3,400,000,000
25,000,000,000
6,400

970

Web pages (ClueWeb12, 27.3 TB)
Sentences (aitools4-ag-web-page-content-extraction)
Passwords (18 password generation rules)
Language models (5.1 TB)
Strength estimates (4 metrics)

Selected results for mnemonic passwords:

o Use lowercase letters only, but one character more
0 Sentence complexity does not play a big role
o Password strength is far worse than for purely random passwords

Thank you for your attention
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