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aa) Covert surveillance measures by the state must respect
an inviolable core of private life protected under Art. 1(1)
of the Basic Law (cf. BVerfGE 6, 32 <41>; 27, 1 <6>; 32,
373 <378 and 379>; 34, 238 <245; 80, 367 <373>; 109, 279
<313>; 113, 348 <390>). Even overriding public interests
cannot justify an interference with this core (cf. BVerfGE
34, 238 <245>; 109, 279 <313>). The development of one’s
personality within the core of private life encompasses the
possibility of expressing internal processes such as emo-
tions and feelings, as well as reflections, views and experi-
ences of a highly personal nature, without fear of surveil-
lance by state authorities (cf. BVerfGE 109, 279 <314>).

Traditional ViewBVerfGE 120, 274, Para. 271
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Judicial Citation Networks

BVerfGE 125, 260—Retention of Data BVerfGE 153, 317—ESM Treaty BVerfGE 153, 1—Headscarf III
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Graph Learning: Benchmark Datasets
Decontextualization Hyperparameter (Non-)Tuning

Structural Bias

Host Count

ucl.ac.uk 1
is.tue.mpg.de 3
docs.google.com 7
drive.google.com 7
dropbox.com 7

$ rg -t py "^\s*url␣=" \
| grep -Eo "(http|https )://[a-zA-Z0 -9./?=_%:-]*" \
| sort \
| uniq -c

from torch_geometric.datasets import TUDataset

dataset = TUDataset(root=’/tmp/ENZYMES ’, name=’ENZYMES ’)

Instability

Palowitch et al., KDD 2022

Tönshoff et al., arXiv 2023

Broken Provenance The List Goes On...
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Coupette et al., DSH 2024
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Hyperbard: Illustrations
Romeo and Juliet, Act III
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Hyperbard: Experimental Results
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Addressing Threats to Validity
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Method developers

Domain scientists
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Needs domain & method expertise
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“Data Modeling”
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→ Need abstractions from individual methods that retain the salient aspects of their semantics

Domain Scientists

Challenges: choose methods based on easy availability; represent data to suit given tools; lack background to understand methods
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Taking Stock

Aim for generality

Need to show that their methods work across multiple datasets from different domains (ideally, n ≥ 3)

Typically have little exposure to real-world problems and real-world data, but lots of exposure to engineering and math

→ Need abstractions from individual problems and datasets that retain the salient aspects of their semantics

Method Developers

Interested in specific research questions or datasets

Seek methods that help them answer their research questions on their data

Typically have little exposure to engineering and math, but lots of exposure to real-world problems and real-world data

→ Need abstractions from individual methods that retain the salient aspects of their semantics

Domain Scientists

Challenges: choose methods based on easy availability; represent data to suit given tools; lack background to understand methods

Challenges: choose data based on easy availability; represent data to suit their method development; lack interest in data/problems
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Taking Action
Inspirational Example with Limitations: Croissant

Metadata format based on JSON-LD (Akhtar et al., NeurIPS D&B 2024)

Primary purpose is facilitating data handling in ML applications

Does not address our validity threats
. . . but might provide a technical starting point
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Taking Action

Individual Studies: Multiverse Analysis
Origin: Psychology’s replication crisis (Steegen et al., PPS 2016)

Idea: Perform analyses across all reasonably pre-processed datasets

Gradually picked up in computational disciplines

Meyer et al., FAccT 2023 (“dataset multiplicity”)

Wayland, Coupette†, and Rieck†, ICML 2024 (latent-space models)
Coupette et al., DSH 2024 (Hyperbard)

Community: Meta-Methods

General Requirements

FAIR and machine-readable (?)

Goal 2: Help method developers choose

Easy to use for both groups of stakeholders

(data, representation | method, question)
(question | method)

Goal 1: Help domain scientists choose

(method | question, representation)
(representation | data, question)

Network-to-graph transformations → many “researcher degrees of freedom”
→ Research involving graphs particularly suitable for multiverse analysis

Idea: Introduce “middle layer” of abstraction to help match questions, datasets, representations, and methods
Should this be done? If so, how could it be done? Other ideas?

Thank you! Questions?
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More Motivating Data-Modeling Examples

Appendix
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SCOTUSUSC CFR

State Law Parking Fine
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Types of Legal Documents
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Arbitral Collaboration Networks
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Network Representations Matter
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Judicial Citations (BVerfG)

Raw Data Case Texts
Cases 3 618
Coverage 1951–2022 (72y)
T 2 109
Evolution Point-Aggregation
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