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Overview of the Day

15:00 -15:30:  Introduction Digital Humanities and Digital Social Sciences: 
Serge ter Braake and Bob van de Velde

15:30-16:15 The projects

Humanities - QUPID2 (Quality and Perspectives in Deep Data):

- Representation of Data Quality- Davide Ceolin
- From Text to Deep Data- Chantal van Son
- Representation of Data Perspectives- Serge ter Braake

Social Sciences:

- Bias and engagement in political social media - Bob van de Velde

16:15-16:30: Reaching out to other disciplines. Introduction Inger Leemans.

16:30-17:00 Discussion, followed by drinks and snacks
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Humanities

Humanities are academic disciplines that study the 
expressions of the human mind (see Rapport Duurzame 
Geesteswetenschappen, 2010)

Usually includes: Literary Studies, Media studies, Art 
History, Linguistics, Musicology, Philosophy, History 

Focus: specific (groups) of people in a certain geographical 
area, their cultural products and institutions.
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https://en.wikipedia.org/wiki/List_of_academic_disciplines


Social Sciences

Social science is a major category of academic disciplines, 
concerned with society and the relationships  among 
individuals within a society.(according to Wikipedia)

Usually includes: Sociology, Psychology, Political Science, 
Communication science

Focus: people, societies and cultural and political 
organisations in general
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https://en.wikipedia.org/wiki/List_of_academic_disciplines_and_sub-disciplines


Similarities between these fields

  Focus on humans as thinking and acting entities

Attention to the interaction of individuals, groups and 
societies

Both fields use quantitative (mostly social sciences) and 
qualitative (mostly humanities) methods and models to 
explain what happens. 
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Differences

Social sciences focus on:

• study of law-like 
patterns of behavior 
(what is generally the 
case)

• Predominantly -but 
not exclusively-  neo-
positivist and 
reductivist

Humanities generally 
focus on:

• Deep understanding of 
specific cases or events

• Changes in ideas, 
concepts and cultures

• The individual standing 
out in the crowd
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Data Science

Data Science is an interdisciplinary field about processes 
and systems to extract knowledge or insights from data 

in various forms, either structured or unstructured, which 
is a continuation of some of the data analysis fields such 
as statistics, data mining, and predictive analytics, similar 

to Knowledge Discovery in Databases (KDD). 

(according to Wikipedia) 
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https://en.wikipedia.org/wiki/Knowledge
https://en.wikipedia.org/wiki/Data
https://en.wikipedia.org/wiki/Statistics
https://en.wikipedia.org/wiki/Data_mining
https://en.wikipedia.org/wiki/Predictive_analytics
https://en.wikipedia.org/wiki/Knowledge_Discovery_in_Databases


Data science in humanities 
(Digital Humanities)

‘Digital humanities is a diverse and still emerging field 
that encompasses the practice of humanities research 

in and through information technology, and the 
exploration of how the humanities may evolve through 

their engagement with technology, media, and 
computational methods.’

(DH Quarterly Website, April 2015, http://www.digitalhumanities.org/dhq/about/about.html) 
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A History of Historical Data 
Science

• 1949: Father Robert Busa calls in the help of IBM to analyze the texts of 
Saint Thomas of Aquinas

• 1963: first publication by a historian based on computerized research
• (Late sixtees: painters start using computers for their art)
• 1978: First Database Program for Historians (Clio)
• 1980’s: Personal Computers 
• 1990’s: Common internet access; first historical sources online
• Noughties: Wikipedia
• 2009: Digital Humanities called the ‘next big thing’at Modern Language 

Association Convention 2009 by professor of English literature William 
Pannapacker

• Tens: Digital Humanities (or e-Humanities) as a discipline
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http://en.wikipedia.org/wiki/William_Pannapacker
http://en.wikipedia.org/wiki/William_Pannapacker
http://en.wikipedia.org/wiki/William_Pannapacker


Digital Humanities Goals

• Digital Humanities tries to bring humanities research to the 
next level

Or:

• Digital humanities tries to make humanities research 
easier/faster

In either case: 

• Humanities scholars need to make explicit everything they do, 
to allow computers to help them.
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Questions on the use of 
Digital Methods

Why do we use this tool and could we have done the same without it?

What does this tool exactly do? What biases does it introduce?

Is the tool an extension of classic methodologies or does it open new horizons 
for other methodologies?

What datasets are available? What is their quality? How did the selection 
process go? What sources that are NOT digitized could answer my questions?
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Data science as “Digital” 
Social Science ? 

“The absence of analogous ‘digital sciences’ or ‘digital 
social sciences’ reflects a recognition of the humanities 
as the area of greatest tension between technological 

form and traditional content.”

- Alison Byerly
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Data science opportunities 
for social science

• Data otherwise hard to collect (such as discussions, 
dialogue)

• More naturalistic settings 

• Great expanse of scale
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Big data challenges in social 
science

• Not all information is accessible

• Big data can be misleading

• Data can be inherently biased

• Ethical ambiguities 
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Some example studies social 
science studies

• Political mobilization through Facebook message
• “A 61-million-person experiment in social influence and political 

mobilization” - Robert M. Bond, Christopher J. Fariss, Jason J. Jones,
Adam D. I. Kramer, Cameron Marlow,Jaime E. Settle & James H. Fowler 
2012

• The much maligned Facebook emotional contagion 
study 
• “Experimental evidence of massive-scale emotional contagion through 

social networks” - Adam D. I. Kramer, Jamie E. Guillory, and Jeffrey T. 
Hancock 2014
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Social science goals

• Improve quality of inference

• Improve external validity

• Better understand relational mechanisms
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Bringing it all together

• Primary goal remains: understanding human behaviour

• Data Science seems more natural to social sciences. No ‘brand new field’ introduced, 
no hype.

• Shared tools and methods to study ‘big data’
• NLP tools, machine learning, search algorithms
• Critical perspective on the methodological constraints of big data collection

• Scaling up research to 5v’s
• Velocity: Live media data
• Volume: Content beyond single user comprehension
• Variety: Data consistency and comparability challenges
• Veracity: Data may not be reliable
• Value: Data that can provide actionable information 
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To the individual projects !
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Reasoning on Information Quality Signals

Davide Ceolin
Julia Noordegraaf and Lora Aroyo



Context

Humanities Scholars can benefit from the multitude of Web 
documents...
…if they can make sure that their quality is high enough.

Web Data and Information Quality www.amsterdamdatascience.nl



Source Criticism

• Well-established practice for traditional sources. 
• For example (checklist of the American Library Association, 

1994):
• How was the source located?
• What type of source is it?
• Who is the author and what are the qualifications of 

the author in regard to the topic that is discussed?
• …
• Does the source contain a bibliography?

Web Data and Information Quality www.amsterdamdatascience.nl



Web Source Criticism

• We want to apply source 
criticism also on the Web. 

• We need to extend those 
practices to cover also 
online-specific dynamics.

• For example:
• Is the extensive use of 

links in a page equivalent 
to a bibliography or not?

Web Data and Information Quality www.amsterdamdatascience.nl



Data

Target - Unstructured Web sources to be analysed:
• Blogs
• Official documents
• News articles
• Etc.

Support - Structured sources to support reasoning:
• DBpedia
• Schema.org
• Etc.

Web Data and Information Quality www.amsterdamdatascience.nl



Methods

• Crowdsourcing and nichesourcing

• Web Mining and NLP

• Machine learning

Web Data and Information Quality www.amsterdamdatascience.nl



Methods

• Crowdsourcing and nichesourcing
• To collect quality assessments from experts and laymen: 

should documents be truthful? complete? etc.

Web Data and Information Quality www.amsterdamdatascience.nl

https://openclipart.org/detail/171432/user-1

Factual quality

Historical quality

Completeness

Overall 
quality



Methods

• Web Mining and NLP
• To collect document “flags” that could indicate quality. 

Web Data and Information Quality www.amsterdamdatascience.nl

Mentions Entity “E”

Source: (www.example.org)

Sentiment: positive (0.98)

http://www.example.org


Methods

• Machine learning
• To identify links between document features with quality 

assessments.

Web Data and Information Quality www.amsterdamdatascience.nl

Factual quality

Historical quality

Completeness

Overall 
quality

Mentions Entity “E”

Source: (www.example.org)

Sentiment: positive (0.98)

ML

http://www.example.org


Future Developments

A series of analyses and tools to understand how to (semi-)
automatically assess specific Web document qualities

Web Data and Information Quality www.amsterdamdatascience.nl

Factual quality
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Mining Perspectives from Textual Data

Chantal van Son
Piek Vossen and Lora Aroyo
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Subjective vs. objective

Objective Subjective
Based upon Observation of measurable 

facts
Personal opinions, assumptions, 

interpretations and beliefs

Commonly found in Encyclopedias, textbooks, 
news reporting

Newspaper editorials, blogs, 
biographies, comments on the 

Internet

Suitable for decision 
making?

Yes (usually) No (usually)

Suitable for news 
reporting?

Yes No

www.diffen.com/difference/Objective_vs_Subjective
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Subjective vs. objective

Objective Subjective
Based upon Observation of measurable 

facts
Personal opinions, assumptions, 

interpretations and beliefs

Commonly found in Encyclopedias, textbooks, 
news reporting

Newspaper editorials, blogs, 
biographies, comments on the 

Internet

Suitable for decision 
making?

Yes (usually) No (usually)

Suitable for news 
reporting?

Yes No

www.diffen.com/difference/Objective_vs_Subjective

ALL TEXTUAL INFORMATION IS INHERENTLY SUBJECTIVE!



WE DO NOT LIVE IN THE INFORMATION SOCIETY
 

WE LIVE IN A COMMUNICATION SOCIETY

32

FREE ACCESS TO INFORMATION AND KNOWLEDGE

FREE ACCESS TO UNSUPPORTED CLAIMS, LIES, ERRORS, DECEPTION, 
MANIPULATION, INCONSISTENCIES, TRUST, VAGUENESS, 

IMPRECISION, MISQUOTES, WRONG CITATIONS

Data in the Current Age



A Societal Debate: Vaccinations
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• Medical Science 

• Government

• Pharmacy

• Public
• Anti-vaccination movement

• Vaccination movement

• Parents



Disneyland Measles Outbreak
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IN DECEMBER 2014, A LARGE OUTBREAK 
OF MEASLES STARTED IN CALIFORNIA 
WHEN AT LEAST 40 PEOPLE WHO 
VISITED OR WORKED AT DISNEYLAND 
THEME PARK IN ORANGE COUNTY 
CONTRACTED MEASLES; THE OUTBREAK 
ALSO SPREAD TO AT LEAST HALF A 
DOZEN OTHER STATES.

HTTPS://WWW.CDPH.CA.GOV/HEALTHINFO/DISCOND/PAGES/MEASLES.ASPX



Who is to blame?
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Only 14% of people in Disneyland measles 
outbreak were unvaccinated, but it's 100% their
fault, claims propaganda

Low Vaccination Rates To Blame for 
Disneyland Measles Outbreak

This preliminary analysis indicates that
substandard vaccination compliance is likely
to blame for the 2015 measles outbreak.

We can’t make the leap, from what we do 
know, that this was “caused by unvaccinated 

people.” We simply can’t.

If it's vaccine-strain measles, then that means it is 
the vaccinated who are contagious and spreading 
measles resulting in what the media likes to label 

"outbreaks" to create panic

Don’t blame the house of the
mouse, blame those who opt

to not vaccinate

Today In Duh, Science: Yes, Anti-
Vaxxers Caused Disneyland 

Measles Outbreak. Duh. Science.



Language technology
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1. Detect statements in text 
vaccinations/anti-vaxxers caused outbreak

2. Detect the sources of the statements 
According to research published… Dr. X says...

3. Determine the perspective of the source 
This preliminary analysis indicates that substandard vaccination compliance is 
likely to blame for the 2015 measles outbreak.



NLP Pipeline
(www.newsreader-project.eu)



GRaSP Model
(Grounded Representation and Source Perspective)
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• Represent instances (e.g. events, entities) and 
propositions in the (real or assumed) world in relation to 
their mentions in text (or any data source)

• Characterize the relation between sources and their 
statements by means of perspective annotations (e.g. 
positive/negative, certain/uncertain)

• This enables us to place alternative perspectives on the 
same thing next to each other



GRaSP Model
(Grounded Representation and Source Perspective)
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Representation of Data Perspectives

Serge ter Braake
Rens Bod and Inger Leemans



Traditional Studying of Concepts

● A concept is a notion or an idea, referred to by one or several words, and 

which has certain attributes that can change over time.

● Historians study concepts for decades already

● Focus on what they consider contested, or contestable, concepts. Focus 

on the concepts they deem important for state formation et cetera …
● Top-down approach

● Biased look at the past, why is a concept contested or important?

● Digital Humanities allows for a more data driven/bottom-up approach
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An Example: Vaccination, 1800-2000
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● What terms are associated with the concept of vaccination 

through time?

● What other concepts or words are related to these terms?

● What does this tell us about medical history, conspiration 

theories and public debate?

● Texts from Nederlab (literary texts, newspapers, books)

● Topic Modelling; Word2Vec



Close reading vaccination
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‘Is the enemy at our gate? Is it syphilis that is there, 

threatening to invade our hearths under the guise of vaccine? 

No; you know that it is not. It is not syphilis, it is smallpox 

which is at our gate.”  

Ricord, veteran of the French Academy (1865)



1868 Book Index
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vaccination; smallpox; vaccinia; virus; morbid; inoculation, vaccine, 

cow-pox, horse-pox, varioloid, preventive, Jenner, contagion, 

vaccinated, protective, disease, mortalilty, disfigurement, blindness, 

maladies, post-vaccinal, protection, revaccination, receptivity, fatality, 

receptivity, pock, lymph, cow, horse, syphilis, venereal, sore,  syphilitic, 

lesion, vaccino-syphilitic, vesicle, vaccinifer



Dutch Wordcloud
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Bias & engagement in 
political (social) media
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Bob van de Velde, Evangelos Kanoulas & Claes de Vreese



Online polarization

● There are many who fear the online sphere is  
becoming an echo-chamber

●  Is this different from traditional media?

And

● How do traditional & social media interact? 
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Our project: Political Bias

● Are some politicians inexplicitly more visible than 
others?
○ Ron Paul & Bernie Sanders vs Hillary Clinton, Mitt Romney

● Are they discussed more favorably than others?
○ Consider Trump

● Can politicians get attention to their issues?
○ Immigration during the financial crisis

● Can politicians determine how issues are discussed?

48



Effects of bias

● Party preferences due to coverage differences 
(Eberl et al, 2015)

● Perceived legitimacy of government when 
newspapers follow party lines (Lelkes, 2016)

● On social media, it may increase the influence of 
small, polarized and vocal groups (Barbera et al., 
2014)
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Challenges

● Automatically relating actors to issues
○ What do they talk about (agenda)
○ What is their opinion about it (position)
○ How do they talk about it (frame)

● Looking across media
○ Nicely edited newspaper articles
○ Anything goes tweets
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An example: from topics to
pro vs  con stances

Most common (TFIDF) words: not that much difference
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Traditional newspapers

● Well-formatted

● Homogenous

● Low granularity

     (daily instead of real-time)

● Easier to get older data
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Social Media

● High velocity

● High variety

● High volume

● Uncertain veracity 
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Example challenge: parsing
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Methods

● APIs & Scraping: Get (text) data from different 
sources (LexisNexis, Twitter, Websites, Forums)

● Use language modelling and processing 
techniques to distinguish issues and perspectives

● Compare similarities between news-outlets, social 
media accounts and politicians over time
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How does that help?

● Helps understand political systems

● We can inform news consumers

● We can re-balance news
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Digital Humanities and 
Social Sciences

 
Reaching out to other disciplines 

Conclusion - Introduction to discussion

Inger Leemans (VU – Cultural History)
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Connection between Humanities
& Social Sciences:

● Understand human behavior & expressions

● Research social processes, relationships amongst individuals 

within society 

“The humanities and social sciences teach us how people have 

created their world, and how they in turn are created by it.” 

–The British Academy for Humanities & Social Sciences 
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Discussion theme 1:
Connection between Digital Humanities & 
Digital Social Sciences

● Text based research (social media & traditional news coverage)

● Single word searches 

● Correlation with numeric data about social context (actors, groups, 

institutions)

● Development of more complex research tools, partly through NLP 

techniques:

○ Perspectives (1. “Facts” are depended on opinions; 2. Research 

opinions - sentiments)

○ Concept mining

○ Long term developments 

● Quality - source criticism & provenance
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Challenges: visualization of 
complex research data

Events along different timelines
(Source & event occurance)
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Challenges: representation / visualization of 
complex research data

Storyteller: narrative & interactive 
representation of multiple data categories
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Take provenance into account - allow users to view the data 
in the original context of their source 
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Discussion theme 2:
Social Science & Humanities as 

Data Science

In what way are the methods developed by social sciences & 
humanities comparable to / of interest for other Data 
Science fields? 

● Text based research – perspectives – concept formation & 

change – long term development?

● Connecting text based data with person / network data

● Quality – source criticism - provenance

● Complex visualization models
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Discussion
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Drinks and Snacks
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