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ZB MED - German Information Centre for Life 
Sciences

● Information and services supporting every stage 
of the research cycle in the Life Sciences

● 163 employees
● Library collection:

○ > 2 Mio print items 
○ > 77 Mio virtual items

● Focus on Open Access and Open Sience
● Website:  www.zbmed.de

My Institute  
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● PhD in Philosophy and MA Ancient History + 
Philosophy, MA Information Science

● Research Fellow at ZB MED
● Free Knowledge Fellow at Wikimedia Germany 

2019/2020
● Contact:

○ ORCID: 0000-0001-7258-0532
○ Mastodon: @eta_kivilih@eldritch.cafe
○ Bluesky: @etakivilih.bsky.social
○ Wikidata: EvaSeidlmayer

About me
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Two aspects of disinformation
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2) How can we estimate the intention of an author or distributor? 

● Disinformation: wrong + intentionally spread
● Misinformation  =  Disinformation

Two aspects of disinformation
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1) How can we be sure about the quality of information?  
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Agenda

1) Additional information about facts: Wikifier (by Janez Brank) 

2) Text style classificatior as proxy to intention: Four Shades of Life Science 

3) Webservice for user information literacy 
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Two aspects of disinformation



PageEva Seidlmayer: NLP for Data Literacy   seidlmayer@zbmed.de

1. Accuracy of information

7



PageEva Seidlmayer: NLP for Data Literacy   seidlmayer@zbmed.de 8

1. Accuracy of information

Manual fact checking

● Requires expertise and specialist knowledge
● Time-consuming and tedious
● Increase in publications: Not possible to cover all publications
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Automated fact checking

● Short statements: difficult; long texts: more difficult (Wang 2023)
● Claims are checked individually (Guo et al. 2022), 

but Problems often depend on the context (Gensing 2020) 
● Verification only in relation to the reference corpus

→ Currently: support only (Wang 2023, Wadden et al. 2020)

→ Fact checking cannot reveal intention
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1. Accuracy of information
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Supporting users to fact check themselves

● Provide additional information 
● Increase information literacy
● Good quality of Wikidata and Wikipedia information
● Enhancement of texts with Wikidata and Wikipedia articles
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1. Accuracy of information
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Aparravi, CC BY-SA 4.0 <https://creativecommons.org/licenses/by-sa/4.0>, via Wikimedia Commons

1. Accuracy of information

● Named-entity recognition (NER)
● Entity linking 
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1. Accuracy of information

● Self-made NER tool: using SpaCy Python Library  
● Existing tool: Annotiations of text with Wikifier. Semantic 

Annotation Service for 100 Languages 
○ Service by Janez Brank, Jožef Stefan Institute in 

Slovenija: https://wikifier.org
○ API for library metadata enhancement: 

http://www.wikifier.org/annotate-article

https://wikifier.org
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1. Accuracy of information

● Wikifier Webinterface: Text annotated with Wikipedia Links
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● Wikidata Q-IDs: missing in the Wikifier Webinterface, 
but can be retrieved via API

● Accurarcy of information: Wikifier tool supports user 
verify information themselves

1. Accuracy of information
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2. Intention of information 
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Why do people spread disinformation?  

● Attention! (Ryan et al. 2020) 
● Money! (Ryan et al. 2020)
● Influence! (Lewandowsky, Ecker, Seifert, Schwarz, & Cook, 2012; 

Paarlberg, 2014)
● Discrediting competitors! 

2. Intention of information 
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Indicators for disinformation 
● Violations of good scientific practice

(DFG 2022)
○ Missing or insufficient citations
○ Reference to unverified sources, 

such as preprints
○ Lack of balanced discussion

● Advertisements
● Emotionally charged imagery
● Political accusation
● Fear-inducing language
● Missing or incomplete imprint
● Typical terms 
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2. Intention of information 
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Hypothesis: Semantics and syntax as a 
proxy for recognizing intention. 
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2. Intention of information 

● Use of trained language models for classification,
○ Language style is learned
○ Knowledge is learned implicitly
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It all depends on the training data…
Balanced dataset: 1722 text items

● 4 Classes: 
○ Class assignment takes place at the level of the data source

● 16 Data sources
○ Selection of data sources based on self-designation and expert assessment

● 11 Topics
○ Equal number from each category for each topic

Stroke

Abortion

vernacular
 text style

disinformative 
text style

alternative scientific 
text style

Measles 
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scientific 
text style

2. Intention of information 
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Experiments with basic NLP frameworks 
● Bag of words (BoW) text represenation
● Classification algorithms: Logistic Regression, XGBoost, SVM, Ada Boost, Random Forest
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2. Intention of information 

Classification algorithms  F1

Logstic Regression 0.94368

XGBoost (Extreme Gradient Boosting) 0.96639

SVM (Support Vector Machine) 0.90640

Ada Boost (Adaptive Boosting 0.95465

Random Forest 0.93197

F1 score: measure of predictive performance; 1 = best
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Experiments with advanced NLP frameworks 
● Supervised learning: BERT-base-uncased, BioBert, SPECTER, Mistral 7B
● Task: Multi label Classification containing 4 Labels 
● Split ratio: 70% Training, 15% Validation, 15% Test
● 5 epochs
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2. Intention of information 

Model best F1

BioBert 0.95651 (5th epoch)

Bert base uncased 0.99412 (4th epoch)

Specter 0.9927 (2th epoch)

F1 score: measure of predictive performance; 1 = best
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3. Webservice for user information literacy
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● Left: Wikifier Wikipedia/Wikidata Text Annotator
● Right: Intention Classifier: Four Shades of Life Sciences

3. Webservice for user information literacy
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3. Webservice for user information literacy
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● Different models can be explored

3. Webservice for user information literacy
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● The classifier examines similarity to existing texts
● Results shown as percentages and as barchart
● No binary results: 4 x 100% for every class
● No deletion of identified text
● No censorship, but increase of information literacy
● Next steps: 

○ Expansion of training data set 
○ Explainable AI (XAI)

3. Webservice for user information literacy
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● The classifier examines similarity to existing texts
● Results shown as percentages and as barchart
● No binary results: 4 x 100% for every class
● No deletion of identified text
● No censorship, but increase of information literacy
● Next steps: 

○ Beta version: go live!
○ Expansion of training data set 
○ Explainable AI (XAI)

3. Webservice for user information literacy

This publication has a high 
similarity to titles of 

“disinformative text style”. 
What does this mean? 
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● Two aspects of disinformation 1) accuracy and 2) intention of information  
● They can be addressed by metrics of NLP techniques

○ Accuracy: Wikifier provides links records on Wikipedia and Wikidata
○ Intention: Four Shades of Life Science classifier of text style 

■ Exploration of different machine learning classfiers  
■ Data set Four Shades of Life Sciences for model training

● Enabling users to make their own estimates on correctness and intention     

Summary
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● Two aspects of disinformation 1) accuracy and 2) intention of information  
● They can be addressed by metrics of NLP techniques

○ Accuracy: Wikifier provides links records on Wikipedia and Wikidata
○ Intention: Four Shades of Life Science classifier of text style 

■ Exploration of different machine learning classfiers  
■ Data set Four Shades of Life Sciences for model training

● Enabling users to make their own estimates on correctness and intention 

I am happy to take your questions!

    

Summary
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Thanks!

to:
● Dr. Lukas Galke, University of Southern Denmark, 

Odense/DK
● Prof. Dr. Konrad Förstner ZB MED, Cologne/Germany
● My unit: Data Science and Services
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INFORMATION. KNOWLEDGE. LIFE.
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