
  



  

If you have textual data…
Text Similarity
→ Identify repeated or borrowed text across sources

Topic Modeling and Sentiment Analysis
→ Classify content by topic and sentiment

Information Retrieval
→ Identify key information from texts

You can turn words into insights with digital tools!
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1833 - 1875



  

“Isjomfruen/The Ice Maiden”
"Jeg hørte i går aftes," sagde køkkenkatten, 
"rotterne siger, at den største lykke er at fortære 
telleys og fylde sig selv med fordærvet flæsk. 
Hvem skal man tro, rotter eller kærester?' 
‘Heller ikke!’ svarede Stuekatten. 'Det er altid 
det sikreste!'

Digitalized Note
”Hvad er den største Lykke?” Rotterne 
sagde det var at æde Tellelys og at have 
fuldtop af fordærvet Flæsk, den Dovne at 
sove til mit paa Dagen, den Lærde at gjøre
nye Opdagelser, &

https://hca.sdu.dk/tales/works/154_The-Ice-Maiden.xml


  

Project Goal

Detect text similarities between H.C.Andersen’s digitalized
notes and published works. 

1,017
Notes (1833-1875)

168
Fairytales and Works

vs



  

Text Cleaning
Aarets Historie (p_00002)
Mod Aften var det blikstille, Himlen saae ud,
som om den var feiet og gjort mere høi og
gjennemsigtig, Stjernerne syntes splinternye, og
nogle vare saa blaa og klare, – og det frøs saa det
knagede efter, – sagtens kunde da det øverste
Sneelag blive saa stærkt, at det i Morgenstunden
bar Graaspurvene; de hoppede om snart oppe
snart nede, hvor der var skovlet, men megen Æde
var der ikke at finde, og de frøs ordentligt.

Processed Aarets Historie (p_00002)
mod aften være den blikstill himlen saae ud som
om den være fei og gøre meget høi og
gjennemsigtig stjernerne synes splinternye og
nogen vare saa blaa og klar og det frøs saa det
knage efter sagtens kunde da den øvre sneelag
blive saa stærk at det i morgenstunden bar
graaspurvene de hoppe om snart oppe snart nede
hvor der være skovle men meget æde være der
ikke at finde og de frøs ordentligt



  

Chunking
Processed Aarets Historie (p_00002)
mod aften være den blikstill himlen saae ud som
om den være fei og gøre meget høi og
gjennemsigtig stjernerne synes splinternye og
nogen vare saa blaa og klar og det frøs saa det
knage efter sagtens kunde da den øvre sneelag
blive saa stærk at det i morgenstunden bar
graaspurvene de hoppe om snart oppe snart nede
hvor der være skovle men meget æde være der
ikke at finde og de frøs ordentligt

p_00002_1 mod aften være det blikstille himlen saae
ud som om den være fei og gøre meget høi
og gjennemsigtig stjerne synes splinterny
og nogen vare saa blaa og klar og

p_00002_2 synes splinterny og nogen vare saa blaa
og klar og det frøs saa det knage efter
sagtens kunde da den øver sneelag blive
saa stærk at det i morgenstund bar

p_00002_3 øver sneelag blive saa stærk at det i
morgenstund bar graaspurv de hoppe om
snart oppe snart nede hvor der være skovle
men meget æde være der ikke at finde

p_00002_4 være skovle men meget æde være der
ikke at finde og de frøs ordentligt



  

Text Processing

1,017
Notes

5,355
Chunks

171
Works

47,061
Chunks

vs
251,920,655 

Pairwise Comparison



  

Similarity Calculation: Lexical Similarity

Lexical similarity is a measure of the degree to which the word sets of two 
given texts are similar.
A lexical similarity of 1 (or 100%) indicates a total overlap between 

vocabularies, whereas 0 means there are no common words.
N-grams overlap

Unigram, Bigrams, Trigrams, 4-grams, 5-grams, etc. 



  

Similarity Calculation: Semantic Similarity

Semantic Similarity determines the similarity of a given text from 
a combination of semantic and syntactic information.
Large Language Models (LLMs) 
Hugging face: dfm-sentence-encoder-small
OpenAI: text-embedding-ada-002



  



  

Manual Annotation



  

ML Model Building



  

Model Evaluation



  

Results I
41-4_II-4_div509
Hvad Byen fortæller. Hvad Skoven fortæller veed hvert 
kunstnerisk Gemyt, der har dygget sig ned under 
Træernes grønne Løv, og baaret af Anemoner og 
Skovmærker, men hvad Byen fortæller ja, det veed Alle 
og Enhver, hvo som haver Ører han hører, og her er at 
høre og see hvad Alle kunne forstaae, og dog forstaae
de ikke all hvad Byen fortæller. som det See nu i ud 
paa Gaden, der ligge nogle Drenge og grave i 
Rendestenen, de vil gribe deres Lykke, som den Voxne
vil det og een griber ned og finder stikker sig paa en 
sort Knappenaal, Een skjærer sig paa et Glasskaar, 
men den tredie er et Lykkens Barn, han griber ned og 
finder en Sølvskilling og viser med Jubel sit rige Fund, 
saa bliver han dænget til af de Andre, det er et Billed i 
det Smaa af hvad der sker i Verden i det større.



  

Results II



  

Takeaways
Contribution:
Used machine learning and natural language processing techniques to detect text reuse between 

H.C.Andersen’s notes and published works,
Help humanities researchers focus on deeper analysis of the text reuse
 Involved master students in the process and inspired humanities students to engage with digital 

humanities projects

Future work:
Multiple iteration of human annotation to enhance model accuracy
Design data visualization tools to demonstrate text reuse
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AI Policy Evolution in Higher Education

“... points out that it is not allowed to use 
chatbots, including "ChatGPT", in 

connection with exams and teaching 
activities, unless their use is specifically 

listed as a direct part of the exam or 
teaching activity.” 

—University of Southern Denmark

The new common rules state that the course 
description on certain courses will specify if it is 
permitted to use generative AI, such as ChatGPT 
and others. In addition, examples will be given of 
when generative AI can be useful for student 
learning, and reference is made to good academic 
practice in general.”
“The use of generative AI is not permitted for on-
site written or oral exams.”

—University of Southern Denmark

1. Dabis, A., & Csáki, C. (2024). AI and ethics: Investigating the first policy responses of higher education institutions to the challenge of generative AI. Humanities and Social Sciences Communications, 11(1), 1-13.
2. Korseberg, L., & Elken, M. (2024). Waiting for the revolution: how higher education institutions initially responded to ChatGPT. Higher Education, 1-16.
3. Wang, H., Dang, A., Wu, Z., & Mac, S. (2024). Generative AI in higher education: Seeing ChatGPT through universities' policies, resources, and guidelines. Computers and Education: Artificial Intelligence, 7, 100326.



 

Research Landscape of AI Policies
Existing Research Challenges:
Most studies examined “GAI policy” as a broad term (Wang et al., 2024) or focused narrowly on a single 

dimension, such as ethics (Dabis & Csáki,  2024).
 Insufficient exploration of policy complexity across multiple dimensions.
Minimal exploration of internal policy contradictions.

Our Project:
 GAI policies are complex and multifaceted.
 Addressing various dimensions/aspects simultaneously, e.g., teaching, assessment.
 Emerging internal contradictions between aspects, e.g., encouraging AI tools for teaching while prohibiting their use in 

assessments.

Project Goal:
 Employed an aspect-based analytical framework (Sun, Møller, & Dohn, 2025) to gain a nuanced and 

comprehensive understanding of policy texts.

1. Sun, Z., Møller, A., & Dohn, N. B. (2025) (Submitted). Inherent tensions and resulting challenges for students: A mixed-method exploration of Generative AI Policies in higher education. 
British Journal of Educational Technology.



 

Research Questions

What are the sentiments of GAI policies towards
five aspects: GAI, Student, Ethics, Assessment, 

and Teaching?

Are there tensions between the five aspects 
within the policies?

To what level do these senstimentes vary across 
the four nordic countries: Denmark, Finland, 

Norway, and Sweden?



 

Data and Workflow

35 policy documents from Denmark (6), Norway (9), 
Finland (12), and Sweden (8), updated Sep. 2024 

84,593 words in the 
policy documents



 

Main Findings I: Sentiments across aspects



 

Main Findings II: Sentiment across countries



 

Takeaways
Contribution:
Use LLM-powered machine learning techniques to identify variation in sentiments between aspects and 

across countries.
Policies tend to be unspecific and unclear.

Future work
Enhance the granularity of data analysis
Refine the analytical framework
Mixed-method approach to gain qualitative insights from faculty and students on policies, actual needs 

and their practice



 

DEMANDING 
SKILLS: A 
PIPELINE FOR 
SKILL 
EXTRACTION

JACOB MØRUP WANG
ZHIRU SUN



 

Study I: Goal

Develop a systematic approach to identify skills including skill extraction, 
classification, and representation from Danish job ads (i.e., JobIndex)

Present a case study based on identified skills to understand in-demand 
competences in the Danish labor market



 

Systematic Approach: Data Collection



  

Case Study: SDU

We apply the systematic approach to 
job ads data from the University of 
Southern Denmark (SDU) between 
2014 to 2023. 



 

SDU Case: Skill Demanding Trend in Teaching Roles



 

SDU Case: Skill Demand Trend in Research Roles



 

Takeaways
Contribution:
Our systematic approach successfully collects, cleans, extracts, classifies, and represents skills from 

job ads. 
A case study presents a strong potential of our systematic approach. 

Future work:
Optimizing data cleaning process.
LLM-triangulation and/or human-in-the-loop for annotation.
Apply the systematic approach to other fields such as healthcare, design, etc.



 

Thank you!
Questions?

zhiru@sdu.dk
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