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Symbolic

5



Symbolic Methods

Good Old Fashioned Artificial Intelligence (GOFAI), explain and reason

- Formal methods and programming languages,
- First-order logic rules
- Ontologies

and Knowledge Graphs

Modeling Domain (Educational KG) & Learner Model (Personal KG)

Ilkou, Eleni, and Maria Koutraki. "Symbolic vs sub-symbolic ai methods: Friends or enemies?." CIKM (Workshops). Vol. 2699. 2020. 6



Semantics

Goal: 
- Understand, interpret, and process the meaning of web data
- Smart data interoperability, integration, and automation

How:
- Metadata
- Standards for data representation, querying, reasoning

RDF, OWL, SPARQL, FAIR data principles

Educational benefits:
- Personalized learning, resource discovery, enhanced tutoring
- Quality, credibility, explainability 
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Personal Knowledge Graphs

Semantically enhanced user profiles and 
activity 

How? 
PKG (personal knowledge graph)

Understanding user knowledge state based 
on explicit and implicit feedback 

Ilkou, Eleni. "Personal knowledge graphs: Use cases in e-learning platforms." Companion Proceedings of the Web Conference 2022. 2022. 8



Collaborative Visualisations

Goal:
Summarize the important elements of each 
group member’s contribution to the group project

How:
Leveraging knowledge from a bigger 
encyclopedic Knowledge Graph (KG), ie DBpedia

We can understand what the users interests

Ilkou, Eleni, et al. "CollabGraph: A Graph-Based Collaborative Search Summary 
Visualization." IEEE Transactions on Learning Technologies 16.3 (2023): 382-398. 9



PKGs applications (2)

Recommendations

Learning Resources based on 
elements the learners marked as they 
‘did not understand (DNU)’

Benefits in perceived accuracy, 
novelty, diversity, usefulness, user 
satisfaction, and use intentions.

Ain, Qurat Ul, et al. "Learner Modeling and Recommendation of Learning Resources using Personal Knowledge Graphs." Proceedings of the 14th Learning 
Analytics and Knowledge Conference. 2024. 10



CollabGraph

The collaborative graph summary:

- is highly preferable, but cannot 
replace the classic search history 
list view

- more useful in big groups, high 
search activity (many search logs), 
and closed-end learning scenarios

The users preferred the combination of 
the collaborative graph summary and 
the list

Ilkou, Eleni, et al. "CollabGraph: A Graph-Based Collaborative Search Summary 
Visualization." IEEE Transactions on Learning Technologies 16.3 (2023): 382-398. 11



Connecting Educational Resources

EduCOR ontology:
- high level structure for organising and 
connecting resources with rich metadata
- fit in different educational domains
- modularised and compatible with educational 
repositories

Cannot do:
Automatic alignment and mapping
Need expert intervention for populating it with 
specific domain data

Ilkou, Eleni, et al. "EduCOR: An educational and career-oriented recommendation ontology." 
International Semantic Web Conference. Cham: Springer International Publishing, 2021. 12



Teaching Knowledge Graph

Gathered educational resources (courses, 
topics, extras) from experts in Knowledge 
Graph courses

Goal:
– Align the resources into one structure
– Allow easy access to content
– Connect educators

Applications:
Recommend similar content, “ie Lecture X is 
60% similar to yours”

Ilkou, Eleni, and Jiménez-Ruiz, Ernesto. "Towards a Knowledge Graph for Teaching 
Knowledge Graphs" International Semantic Web Conference. 2024. Honorable Mention
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Neuro
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Neuro Methods

Sub-symbolic, statistical learning methods, emphasis on flexibility

- Neural Networks
- Bayesian and deep learning

and Language Models & Generative AI models

Benefits: fitting on data, and learning from data

Issues: Lack of interpretability, restricted on critical applications, 
and hallucinations

Ilkou, Eleni, and Maria Koutraki. "Symbolic vs sub-symbolic ai methods: Friends or enemies?." CIKM (Workshops). Vol. 2699. 2020. 15



LLMs for content generation & classification

Automatic Questions Generation 

LLMs are capable of generating assessment questions 
(up to 71% correct), also Qs aligned with pedagogical 
frameworks ie Bloom Taxonomy 
(ie up to 89.5% in agreement with experts) 

Content Classification

LLMs are doing better classifying their own generated educational data (ie questions with up to 86% in F1 
score),  rather than data found in the wild (ie topics in youtube videos with ~30% F1 score)

Scaria, Nicy, Suma Dharani Chenna, and Deepak Subramani. "Automated Educational Question Generation at Different Bloom’s Skill Levels Using Large Language Models: 
Strategies and Evaluation." International Conference on Artificial Intelligence in Education. Cham: Springer Nature Switzerland, 2024.
Moein, Mohammad, et al. "Beyond Search Engines: Can Large Language Models Improve Curriculum Development?." European Conference on Technology Enhanced Learning. 
Cham: Springer Nature Switzerland, 2024.
Al Faraby, Said, and Ade Romadhony. "Analysis of llms for educational question classification and generation." Computers and Education: Artificial Intelligence 7 (2024): 100298.
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LLMs for learning analytics

Unstructured Data Analysis

Multimodal Illustration

Explanatory Analytics

Interactive Analytics

For personalisation, intervention, 
and accessibility

Yan, Lixiang, Roberto Martinez-Maldonado, and Dragan Gasevic. "Generative 
artificial intelligence in learning analytics: Contextualising opportunities and 
challenges through the learning analytics cycle." Proceedings of the 14th 
learning analytics and knowledge conference. 2024.

Galletti, Martina, Inès Blin, and Eleni Ilkou. "Automated Concept Map Extraction from Text." 5th 
Conference on Language, Data and Knowledge, 9-11 September, Naples, 2025. 2025.

Automatic
Concept
Maps

Generation from 
multiple documents
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LLMs in solving math

Over GSM8K dataset, linguistically diverse grade school math word problems 
with problems that take between 2 and 8 steps to solve

● fine-tuning alone LLMs achieve performance lower than 60% (test score)
● 5-shot Chain of Thought achieves up to 92%
● Chain of Thought + Program-Aided Language Models 96.8%

   LLMs + quality reference data = better performance

Sundaram, Sowmya S., et al. "Does a language model “understand” high school math? A survey of deep learning based word problem solvers." Wiley 
Interdisciplinary Reviews: Data Mining and Knowledge Discovery (2024): e1534
Cobbe, Karl, et al. "Training verifiers to solve math word problems." arXiv preprint arXiv:2110.14168 (2021). 
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Neuro + Symbolic

19



Neurosymbolic = RAG

Retrieval-Augmented Generation (RAG) is a popular example of neurosymbolic 
architectures:

- Neural part: A (large) Language Model that generates output and 
communicates with users

- Symbolic part: The structured knowledge system (database, textbook, 
Knowledge Graph) that provides the facts (knowledge)
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RAG: Socratic Tutor

LLMs with Knowledge Engineering and Hybrid Human AI components

Ilkou, Eleni, Stephan Linzbach, and Jonas Wallat. "Hybrid Evaluation of Socratic Questioning for Teaching." 
ISWC Special Session. 2024
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Solving Math with Socratic Subquestions

How much did the booth make selling cotton candy each day? 
** The booth made $50 x 3 = $<<50*3=150>>150 selling cotton candy each day.

How much did the booth make in a day? 
** In a day, the booth made a total of $150 + $50 = $<<150+50=200>>200.

How much did the booth make in 5 days? 
** In 5 days, they made a total of $200 x 5 = $<<200*5=1000>>1000.

How much did the booth have to pay? 
** The booth has to pay a total of $30 + $75 = $<<30+75=105>>105.

How much did the booth earn after paying the rent and the cost of ingredients? 
** Thus, the booth earned $1000 - $105 = $<<1000-105=895>>895.

Cobbe, Karl, et al. "Training verifiers to solve math word problems." arXiv preprint arXiv:2110.14168 (2021). [Open AI 2.5k citations]

A carnival snack booth made $50 selling popcorn each day. It made three times as much selling cotton candy. For a 
5-day activity, the booth has to pay $30 rent and $75 for the cost of the ingredients. How much did the booth earn for 
5 days after paying the rent and the cost of ingredients?
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Adaptation in Socratic Tutoring Systems

Ilkou, Eleni, Stephan Linzbach, and Jonas Wallat. "Hybrid Evaluation of Socratic Questioning for Teaching." 
ISWC Special Session. 2024
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Evaluation
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Evaluation of Socratic RAG systems

We usually face competences as 
single domain responsibilities

Moving forward we’ll need hybrid 
benchmarks and metrics

Ilkou, Eleni, Stephan Linzbach, and Jonas Wallat. "Hybrid Evaluation of Socratic Questioning for Teaching." 
ISWC Special Session. 2024 25



Efforts towards hybrid evaluations

BEA challenge @ACL 2025 - 
Logs from LLM-tutoring guidance

Evaluation metrics (binary) on:

● Mistake identification
● Mistake location
● Providing guidance
● Actionability

Tutor: What is 25 minus 18? 
Student: 8"

"response": "Please recheck your answer.",

            "annotation": {
                 "Mistake_Identification": "Yes",
                 "Mistake_Location": "Yes",
                 "Providing_Guidance": "No",
                 "Actionability": "To some extent"
             }

26
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Accessibility Needs
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What is Dyslexia-friendly text?

Dyslexia accessibility of text is making a text more accessible to readers with dyslexia.

Currently, it measured via readability indexes Ie. LIX, BLEU, BERTScore

 
NOT tailored to dyslexia

There are plenty of criteria for dyslexia accessibility of text, but no gold-standard:

● "easy-to-read" which is supported by the United Nations 
● European standards for making information easy to read and understand
● W3C has a Web Accessibility Initiative (WAI)
● Dyslexia Style Guide by the British Dyslexia Association
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No prior study in literature

We find that:

1. LMs recognize less than half of 
the 33 dyslexia-friendly criteria for text
with Gemma wrongly suggesting to use
Italics and green/red colour

2. LMs recommendations can be problematic

Language Models knowledge of dyslexia accessibility criteria 
is limited

Average
Score/ %

Stand. 
Deviation

Gemma 10.13 / 30.7% 0.63

Phi4 13.88 / 42.1% 0.63

GPT4-turbo 13.00 / 39.4% 0.41

Ilkou, Eleni, et al. "Dyslexia and AI: Do Language Models Align with Dyslexic Style Guide Criteria?." International Conference on Artificial Intelligence in 
Education. Cham: Springer Nature Switzerland, 2025. Best paper nomination



🔥 LMs criteria recommendations can be problematic
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LMs recommend additional criteria and recommendations,
Ie. audio support and avoiding effects

However, some recommendations hinder risks:

“Use of positive language and encouraging messages” 
- Problem: patronizing if not related to learning processes

“Imagine you are reading the text from the perspective of someone with dyslexia”
 - Problem: introduces labeling concerns and unintentional discrimination

Ilkou, Eleni, et al. "Dyslexia and AI: Do Language Models Align with Dyslexic Style Guide Criteria?." International Conference on Artificial Intelligence in 
Education. Cham: Springer Nature Switzerland, 2025. Best paper nomination



LMs improvements points over original text
GPT4-turbo: 100% of visual and 98% of content and total
Gemma: 96% of visual and 100% of content and total 
Phi4: 100% of visual, content and total
in Prompt 4 

All prompts had significant
improvements (normality Shapiro-Wilk 
test & stat. non-parametric Wilcoxon 
signed-rank test p<5%)

33Ilkou, Eleni, et al. "Dyslexia and AI: Do Language Models Align with Dyslexic Style Guide Criteria?." International Conference on Artificial Intelligence in 
Education. Cham: Springer Nature Switzerland, 2025. Best paper nomination



Qualitative Analysis

"butalso" instead of "but also"
"da" instead of "the"

Gemma "[Topic]- Easier to Read"

GPT4-turbo deviated from its assigned task, and transitioned mid-response into an unprompted 
discourse on humanity and history in section "European Trading Communities in West Africa"

In five cases, the GPT4-turbo responses were initiated with proper context, however the body 
context raised concerns with repetition of random words like gibberish. 
The sections were about:
-  "The Rise of Slavery in the Chesapeake Bay Colonies", 
-  "European Contact with West Africa", and 
-  "Trans-Saharan Trade"
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Ilkou, Eleni, et al. "Dyslexia and AI: Do Language Models Align with Dyslexic Style Guide Criteria?." International Conference on Artificial Intelligence in 
Education. Cham: Springer Nature Switzerland, 2025. Best paper nomination



Future
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Neurosymbolic Agents
Grounded in KGs
curricula, pedagogical frameworks, 
educational resources

Using LLMs for content generation 
and communication with the learner

Enabling
explainable, smart learning analytics, 
interpretation of complex human 
contexts, advanced problem-solving 
strategies, sophisticated and 
personalized decision-making on the 
agent

Jaldi, C. D., Ilkou, E., Schroeder, N., & Shimizu, C. (2025). Education in the era of Neurosymbolic AI. Journal of Web Semantics, 85, 100857. 36



ORKG + TKG

Open Research KG
Scholarly

+
Teaching KG
Higher education 

=

Smart Education

Ilkou, E.and S. Auer. Smart Learning Applications with the Combination of the Open Research Knowledge Graph and Teaching Knowledge Graphs. Zenodo, 2025, 
https://doi.org/10.5281/zenodo.16912917. 37



Research is a team work
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Contact me at:

eleni.ilkou@tib.eu

LinkedIn/GitHub
@eilkou

Eleni Ilkou

Stay in touchImmediate projects at:
- Accessibility + GenAI content
- Domain modelling for higher 

education
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