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Motivation

Problem
Employees at the tax office often lack prior knowledge about the
contents of the data before starting exploration.

What is our objective?
→ Gain an initial understanding of the data.
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Motivation

Objective
Gain an initial understanding of the data.

Challenges:
7 Lack of labeled data for supervised training
7 Diverse data formats and structures

How did we tackle these problems?
3 Fully unsupervised analysis pipeline
3 Handles multiple languages and file types
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Dataset

Direct use of tax data is restricted due to privacy concerns, so we rely on a proxy
dataset for our case study.

Requirements for the proxy dataset:
Dataset heterogeneity
Structured hierarchy
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Everything You Need To Know Ever (ETYNTKE)1

≈ 101 GB
Images, text documents, and other file types
Malformed files

Uploaded in 2015
Topics include politics, weaponry, and
computer science
Hierarchical organization into directories

Figure: Subset of
top-level directories.

1https://archive.org/details/ETYNTKE (29.01.2025)
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Formal Concept Analysis (FCA)

Formal context K := (G,M, I)

G object set
M attribute set
I ⊆ G×M incidence relation

Derivation operations
For A ⊆ G: A′ := {m ∈ M | (g,m) ∈ I ∀g ∈ A}
For B ⊆ M : B′ := {g ∈ G | (g,m) ∈ I ∀m ∈ B}

Formal concepts B(K) := {(A,B)|A′ = BandB′ = A}
A ⊆ G and B ⊆ M

Concept lattice B(K) := (B(K),≤) with (A1, B1) ≤ (A2, B2) ⇐⇒ A1 ⊆ A2.
Ai ⊆ G and Bi ⊆ M
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Selection of Related Work

Assuming we work on data structured in directories.

Topic models (LDA, BERTopic, and Top2Vec)

✓ Semantic topics
× Do not leverage intrinsic hierarchical structure of documents

FCA on Twitter data (Cigarrán, Castellanos, and García-Serrano 2016)

✓ Discard high- and low-frequency terms
× Concepts are topics, but based on one-hot Bag of Words (BoW) encoding

(not semantics)
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Related Work

Representation of document-topic relations using a concept lattice (Hirth and
Hanika 2024)

✓ Hierarchical representation
✓ Excluding low support items
× Homogeneous dataset (academic papers on Machine Learning)
× Exclusively textual data
× Lacks ability to aggregate information

Table: Document-topic relation

Documents
Topics

t1 t2 · · · tn

d1 w1,1 w1,2 · · · w1,n

d2 w2,1 w2,2 · · · w2,n

...
...

... . . . ...
dl wl,1 wl,2 · · · wl,n

Table: Term-topic relation

Terms
Topics

t1 t2 · · · tn

s1 ŵ1,1 ŵ1,2 · · · ŵ1,n

s2 ŵ2,1 ŵ2,2 · · · ŵ2,n

...
...

... . . . ...
sl ŵl,1 ŵl,2 · · · ŵl,n

Klara M. Gutekunst (klara.gutekunst@uni-kassel.de) University of Kassel September 12, 2025 10 / 35
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s1 ŵ1,1 ŵ1,2 · · · ŵ1,n
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FAT-CAT

FAT-CAT FCA-based Aggregation for Topics using Conceptual Analysis and
Taxonomies

Image generated by DALLE (February 21, 2025)
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FAT-CAT

FAT-CAT FCA-based Aggregation for Topics using Conceptual Analysis and
Taxonomies

NLP FCAFAT-CAT

• Unstructured text
• Semantic topics

• Structured data
• Hierarchies
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Text Extraction
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Text Extraction

Appendix details: Image Captioner
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Topic Modeling

Definition
Topic modeling is used for discovering latent semantic structure, usually referred
to as topics, in a large collection of documents (Angelov 2020).

Klara M. Gutekunst (klara.gutekunst@uni-kassel.de) University of Kassel September 12, 2025 16 / 35
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Top2Vec (Angelov 2020)

Words, documents and topics share vector space
Multilingual Universal Sentence Encoder (USE)

16 languages
300-dimensional vector space

Dimensionality reduction to five dimensions
Embeddings are clustered into topics
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Directory-Topic Concept Lattice

Assuming all documents are organized in directories.
1 Top 10 topics per document incl. relevance scores

2 Compute threshold δ s.t. document-topic matrix density < 0.1

3 Dδ(i, j) =

{
1 if wi,j ≥ δ,
0 else.
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Iceberg Lattice (Stumme et al. 2002)

Problem
The size of a concept lattice can grow exponentially with
respect to the size of the context.

Solution
Consider only top-level concepts.

Figure: Concept
lattice.
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Iceberg Lattice (Stumme et al. 2002)

Let K := (G,M, I) be a formal context, A ⊆ G and B ⊆ M .

Definition

Support supp(B) =
|B′|
|G|

minimum support minsupp ∈ [0, 1]: Threshold below which attribute sets are not
considered frequent

frequent attribute set B ⊆ M : supp(B) ≥ minsupp

frequent concept (A,B): B is frequent attribute set
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Iceberg Lattice (Stumme et al. 2002)

Definition
The iceberg concept lattice of a context K comprises all
frequent concepts.

TITANIC algorithm computes iceberg concept
lattices.

Figure: Iceberg
concept lattice
coloured.
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Directory-Topic Concept Lattice
Assuming all documents are organized in directories.

1 Top 10 topics per document incl. relevance scores
2 Compute threshold δ s.t. document-topic matrix density < 0.1

3 Dδ(i, j) =

{
1 if wi,j ≥ δ,
0 else.

4 Compute iceberg lattice for each directory

5 Combine frequent topics across directories into directory-topic matrix
−→ Directory-topic context

Iceberg concept lattice coloured.
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3 Dδ(i, j) =

{
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0 else.

4 Compute iceberg lattice for each directory
5 Combine frequent topics across directories into directory-topic matrix

−→ Directory-topic context

Table: Weighted directory-topic relation. The weights w̃i,j ∈ {0, 1} represent whether a
topic tj is present in a directory d̂i.

Directories
Topics

t1 t2 tn

d̂1 w̃1,1 w̃1,2 · · · w̃1,n

d̂2 w̃2,1 w̃2,2 · · · w̃2,n

...
...

... . . . ...
d̂k w̃k,1 w̃k,2 · · · w̃k,n
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Topics

50 words per topic
Multi-lingual

Table: Subset of translated topic IDs and their top 5 descriptive words for the
directory-topic concept lattice.

Topic ID Topic Words
34 gun weapons rifles pistol firearm
36 terminological nonverbal linguist codeword longtext
54 microelectron microkernels microparticle microphysics microcosmic
56 pythonpath pythonmac python_version python_object pythonpowered
58 nuclear hazardous explosive nanotoxicity chernobyl
94 project fundraiser donation volunteering charity
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Directory-Topic Concept Lattice

Figure: ETYNTKE directory-topic concept lattice. The text entries below the nodes
represent directory names, number above nodes denote topic IDs.
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Directory-Topic Concept Lattice

Figure: Incomplete ETYNTKE directory-topic concept lattice. The text entries below the
nodes represent directory names, number above nodes denote topic IDs.
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What I’ve learnt about ETYNTKE

Majority of bottom nodes are subdirectories

Lower nodes introduce philosophical topics
Intriguing thematic associations

High-Tech Crime contains explosives related topics
Success Advice contains chemical related topics
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Conclusion

Objective
Gain an initial understanding of the data.

+ Dataset exploration without manual inspection
+ Semantic relationship of directories
- Unintuitive for inexperienced users
- Numerical topic representation

Thank you for your attention!
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BoW Bag of Words
ETYNTKE Everything You Need To Know Ever
FAT-CAT FCA-based Aggregation for Topics using Conceptual Analysis and

Taxonomies
FCA Formal Concept Analysis
GIT Generative Image-to-text Transformer
NLP Natural Language Processing
SBERT Sentence-BERT
USE Universal Sentence Encoder
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FAT-CAT

FAT-CAT FCA-based Aggregation for Topics using Conceptual Analysis and
Taxonomies

Our contributions:
Open-source2

Minimal training requirements
Non-textual data
Information aggregation across directories

2https://github.com/KlaraGtknst/text_topic (29.01.2025) &
https://github.com/KlaraGtknst/clj_exploration_leaks (29.01.2025)
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Content of Military directory

Figure: Screenshot of content of Military directory.
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Content of Business directory

Figure: Screenshot of content of Business directory.
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Content of Business directory

Figure: Wordcloud3 of content of Business directory.

3https://github.com/amueller/word_cloud (01.02.2025)
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Text Processing

Appendix details: Image Captioner SBERT
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Image Captioner (Wang et al. 2022)

Figure: Generative Image-to-text Transformer (GIT)4

4https://huggingface.co/microsoft/git-base (29.01.2025)
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Sentence-BERT (SBERT) (Reimers and Gurevych 2019)
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USE (Yang et al. 2019)
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