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Abstract
To increase social benefit take-up, applications like FörderFunke automatically assess
eligibility based on user data and provide personalized information about relevant
benefits. FörderFunke encodes eligibility requirements in the Shapes Constraint Lan-
guage (SHACL), supporting the German government’s efforts to promote open stan-
dards in public IT and facilitating their solution’s maintainability, modularity, and
interoperability. However, like other SHACL-driven approaches to automatic com-
pliance checking, they face the challenge that converting natural language rules to
SHACL requires significant manual effort and slows down development. Against this
background, this work formally defines the Text2SHACL task and extends existing
approaches in two key ways: First, we establish a principled foundation for utilizing
SHACL in the formerly unexplored domain of social benefit eligibility assessment.
Specifically, we introduce a domain-specific annotated dataset and a schema guiding
through the Text2SHACL task alongside a qualitative analysis of critical SHACL-
and domain-specific formalization challenges. Second, we explore an end-to-end
approach to automating Text2SHACL driven by Large Language Models (LLMs),
which overcomes limitations of prior work that struggles with complex constraints
and diverse linguistic input. Adopting a prompt engineering methodology, we estab-
lish a Zeroshot baseline, analyze reasons for an overall poor initial performance, and
demonstrate the positive effects of Fewshot and Chain-of-Thought prompting on the
syntactic and semantic quality of generated shapes graphs for a selection of LLMs.
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1 Introduction

Figure 1: Overview of the overall approach.

Social benefit systems aim to alleviate
poverty and enhance socioeconomic sta-
bility. However, non-take-up often un-
dermines their effectiveness, where eligi-
ble individuals do not receive the bene-
fits they are entitled to [65, 109, 7, 100].
Research consistently identifies limited
awareness of available benefits, entitle-
ments, and application procedures as
a major barrier to take-up [7, 31,
113]. To address this challenge in the
German context, digital platforms such
as FörderFunke5, Sozialkompass6, and
Sozialplattform7 seek to provide users
with personalized recommendations for
potentially eligible social benefits based
on their living situation.

However, a key technical challenge is
translating eligibility criteria from natu-
ral language (NL) into formal represen-
tations amenable to automatic valida-
tion. FörderFunke8 uniquely addresses
this by employing World Wide Web
Consortium (W3C) [120] standards, de-
veloped to realize the Semantic Web - a
vision of a Web of Data based on human-
and machine-understandable knowledge
representations [9]. Specifically, the social start-up represents user data with the
Resource Description Framework (RDF) [20] and eligibility requirements with the
Shapes Constraint Language (SHACL) [64] for data validation. This approach aligns
with the German government’s efforts to promote open-source software and open

5https://foerderfunke.org/
6https://sozialkompass.info/de
7https://sozialplattform.de/
8https://foerderfunke.org/
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standards in public IT (§16a E-Government Gesetz [EGovG] [24]). It also ensures in-
teroperability with the broader Semantic Web technology stack and facilitates main-
tainability and modular development by decoupling knowledge representation from
the code base.

While FörderFunke demonstrates the practical feasibility of this approach with a
functional prototype9, the laborious conversion of text to SHACL, a task we term
Text2SHACL, presents a bottleneck to scaling the scope of supported benefits. No-
tably, this challenge extends beyond social benefit assessment. For example, SHACL
is widely used in the Architecture, Engineering, and Construction (AEC) industry to
represent regulatory [80, 28] or technical [44, 45] standards and has also been applied
to encode research software best practices [53] and petroleum industry regulations [2].

Despite this cross-domain interest, existing work on Text2SHACL lacks scalability
because it depends on either labor-intensive manual modeling [2, 93, 80, 44, 53]
or deterministic Natural Language Processing (NLP) pipelines, which handle only
low‐complexity rules and struggle with NL variability [28, 98]. Moreover, none of
these works investigate SHACL’s suitability for capturing social benefit rules. To
address these limitations and unlock the potential of SHACL for accessible social
benefit eligibility assessment, we pose three research questions:

(Q1) How can eligibility requirements for social benefits be systematically translated
from natural language text into SHACL shapes graphs?

(Q2) What challenges hinder the faithful representation of eligibility requirements
for social benefits with SHACL Core?

(Q3) How do different prompting techniques affect the syntactic and semantic quality
of SHACL shapes graphs automatically generated by LLMs from eligibility requirement
texts?

Figure 1 illustrates our overall approach, demonstrating where each question is sit-
uated within the process.

The objective of Q1 and Q2 is to establish a principled foundation for formalizing
social benefit eligibility rules using SHACL. To this end, we first contribute a for-
mal definition of the Text2SHACL task. We then extract requirements texts from
the central German platform for administrative services, the Portalverbund Online

9https://foerderfunke.org/
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Gateway (PVOG) [55], and manually translate them into SHACL shapes graphs.
The graphs are validated through systematic testing on human-authored synthetic
user data and independent annotation by two domain experts.

In answering Q1, this methodology yields two key contributions: First, a schema for
converting NL text into SHACL that captures domain-agnostic challenges as well
as domain-specific solutions. Second, an annotated Text2SHACL dataset for social
benefit assessment, consisting of 21 requirements texts and human-authored ground
truth SHACL shapes graphs, an original task-specific ontology, and a set of 314
manually constructed synthetic RDF user profiles.

Moreover, in response to Q2, we conduct a qualitative analysis of the persistent
challenges encountered during the annotation process. This analysis contributes
a discussion of key limitations of SHACL Core in representing complex eligibility
requirements, as well as domain-specific characteristics that inherently hinder full
formalization.

Subsequently, Q3 investigates a scalable, end-to-end approach to automating
Text2SHACL using LLMs - Transformer-based models [111] that have fundamen-
tally advanced NLP in recent years [116]. We adopt a prompt engineering method-
ology, evaluating three prompting techniques across a selection of LLMs, ranging
from Zeroshot (ZS) prompting with minimal guidance as a baseline, to Fewshot
(FS) prompting with an exemplary input-output pair, to Chain-of-Thought (CoT)
prompting based on the previously introduced Text2SHACL schema.

Model outputs are assessed based on their syntactic and semantic quality using three
sets of metrics: syntax conformance scores, graph matching metrics [46, 94, 41], and
validation performance scores. The latter two sets evaluate the generated shapes
graphs against the structural and functional characteristics of the human-authored
ground truth, as illustrated in Figure 1. This framework provides empirical insights
regarding the capabilities of different types of LLMs to perform Text2SHACL, the
specific task elements that pose the greatest difficulty, and the prompting techniques
that enhance performance.

We provide the dataset and code openly at: https://github.com/
semantic-systems/text-to-SHACL.git
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2 Foundations

2.1 Semantic Web Technologies
The Semantic Web is a vision to evolve the traditional Web from a collection of
interconnected documents designed to be human-readable to a Web of Data based
on standardized knowledge representations that are equally accessible to machines.
It conceives of the Web as a global, decentralized database where software can au-
tomatically interpret and process meaning, enabling richer human-machine collab-
oration [9]. To realize this vision, the W3C develops standards that provide con-
crete technological solutions to the abstract conceptual requirements of the Semantic
Web [120].

2.1.1 RDF: Representing Knowledge

The Resource Description Framework (RDF) [20] is the W3C standard for represent-
ing resources on the Web and their interrelations. Virtually anything from physical
objects over digital files to abstract concepts can be a resource and is described in
RDF with two core structures: triples and graphs. A triple consists of a subject, a
predicate, and an object, corresponding to the statement that ”some relationship,
indicated by the predicate, holds between the resources denoted by the subject and
object” [20]. This relation is called a property, and the object it points to is its
value [20]. A set of triples forms a directed, edge-labeled graph called an RDF
graph [50].

Figure 2: Visualization of a sample RDF graph.
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2.1 Semantic Web Technologies

Table 1: Overview of namespace prefix bindings.

Prefix Namespace
ex: http://example.com/books#
ff: https://foerderfunke.org/default#
owl: http://www.w3.org/2002/07/owl#
rdf: http://www.w3.org/1999/02/22-rdf-syntax-ns#
rdfs: http://www.w3.org/2000/01/rdf-schema#
sh: http://www.w3.org/ns/shacl#
xsd: http://www.w3.org/2001/XMLSchema#

The schematic visualization of an example RDF graph in Figure 2 illustrates these
components. One of its triples consists of the entities Slaughterhouse-Five (subject),
has author (predicate), and Kurt Vonnegut (object), which intuitively asserts that
”Slaughterhouse-Five was written by Kurt Vonnegut”.

Although this statement seems straightforward, its interpretation is contex-
tual. For instance, in a cinematic database Slaughterhouse-Five might de-
note the film of the same name rather than the novel. To disambiguate the
identity of resources, RDF employs globally unique Unicode strings called In-
ternationalized Resource Identifiers (IRIs) [32]. For example, using Hyper-
text Transfer Protocol (HTTP) IRIs resolvable by a web-server, the book
might be named http://example.org/books#SlaughterhouseFive, and the film
http://example.org/films#SlaughterhouseFive. For conciseness, IRIs are com-
monly represented using local namespace prefix bindings. As anyone can register a
prefix to establish a namespace, this method helps avoid naming conflicts without
central coordination [50]. Table 1 specifies the prefixes used throughout this work.

Additionally, RDF uses two other types of data: literals and blank nodes [96]. Literals
are basic values associated with a datatype that appear only in the object position
such as the publication date in Figure 2. Blank nodes refer to an anonymous object
or subject resource without explicitly identifying it. For instance, the blank node in
Figure 2 (empty circle) groups the author’s contact details. This ability to describe
information with a multi-component structure is most relevant to our discussion
of SHACL (§ 2.1.3), although blank nodes may serve other purposes like censoring
sensitive information, reifying RDF statements, or including unknown resources [15].

To encode RDF data, this thesis adopts the Terse RDF Triple Language (Turtle) [8].
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2.1 Semantic Web Technologies

Another W3C recommendation, this serialization format was chosen for its close
resemblance to NL and simultaneous ease of parsing. Listing 1 demonstrates how
the RDF graph from Figure 2 can be written down using Turtle, illustrating some
of the language’s key features to concisely express the concepts described above:
the declaration of namespace prefix bindings (lines 1-2), separation by semicolons to
combine predicates for the same subject (lines 4–5, 7-8), and square-bracket notation
for blank nodes (lines 6-8).

1 @prefix ex: <http://example.org/books#> .
2 @prefix xsd: <http://www.w3.org/2001/XMLSchema#> .
3
4 ex:SlaughtergouseFive ex:hasAuthor ex:KurtVonnegut ;
5 ex:publicationDate "1969-03-31"^^xsd:date .
6 ex:KurtVonnegut ex:contactDetails [
7 ex:email "kurt@example.org"^^xsd:string ;
8 ex:phone "00-123-456789"^^xsd:string
9 ] .

Listing 1: Turtle serialization of a sample RDF graph.

Further reading: For readers seeking a deeper understanding of RDF, W3C offers
specifications of its conceptual foundations [20] and practical use [96]. Details on IRIs
are available in the specification [32] and the registration procedure [107]. Other rele-
vant RDF serialization formats omitted here include N-Triples [14], RDF/XML [35],
and JSON-LD [62].

2.1.2 Ontology: Towards Machine-Understandability

So far, the running example presupposed a shared interpretation of the database
terms. However, consider merging data from a distributor that used ex:writtenBy
in place of ex:hasAuthor. Humans effortlessly recognize the semantic equivalence
and can even deduce unstated information - e.g., that Kurt Vonnegut is an author.
Machines, in contrast, cannot access the implicit assumptions that support such
conclusions. To facilitate data exchange and automated reasoning, the meaning of
terms and their relationships must be formally defined.

An ontology addresses precisely this need. The term originates from philosophy,
where ontology as a discipline explores the nature of existence [49]. In computer sci-
ence, it is an ”explicit specification of a conceptualization” [43] that formally defines
the representable (i.e., ”existing”) terms in a given knowledge system. The main
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2.1 Semantic Web Technologies

building blocks are classes defining general concepts (e.g., book), and properties that
describe and connect them (e.g., has author). An ontology paired with individual
class instances (e.g., Slaughterhouse-Five) forms a Knowledge Base (KB), though the
transition between the two is often fluid [79].

In practice, ontologies vary in complexity Lassila and McGuinness [67]. describe
a range from simple collections of terms to richly axiomatized systems supporting
arbitrary logical relationships. Here, we denote by ontology a conceptualization tai-
lored to our concrete application that occupies a middle ground on this spectrum of
semantic expressivity. This includes a finite set of terms with informal NL defini-
tions, a strict subclass hierarchy where instances of a subclass are also instances of
its superclass, and properties with domain and range constraints.

Listing 2 shows how the property ex:hasAuthor can be defined using RDF Schema
(RDFS) and Ontology Web Language (OWL). RDFS [11] provides basic semantics
like class and property hierarchies. For example, lines 1 and 2 link ex:Book to
ex:Author instances, allowing to infer that if Vonnegut wrote a book, he is an au-
thor. OWL [114] adds more expressive semantics, such as declaring ex:writtenBy
equivalent to ex:hasAuthor (line 3), helping align different vocabularies. Ontolo-
gies thus formalize meaning, enabling a shift from machine-readable to machine-
understandable data [106].

1 ex:hasAuthor rdfs:domain ex:Book ;
2 rdfs:range ex:Author ;
3 owl:equivalentProperty ex:writtenBy .

Listing 2: Example of defining a property with RDFS and OWL.

Further reading: For a detailed account of the mentioned standards, see the spec-
ifications for RDFS [11] and OWL [114]. For readers curious about the logical
formalisms of ontologies, Baader et al. [5] provide a thorough treatment of formal
knowledge representation with description logics.

2.1.3 SHACL: Validating RDF Data

An ontology formalizes conceptual assumptions about the data, but it does not guar-
antee that the data adheres to them. For example, the KB in the running example
may include the triple in Figure 3. In this case, the conceptualization from Listing 2
implies that Gandalf is an author due to his relationship with Slaughterhouse-Five -
an implausible conclusion presuming that Slaughterhouse-Five is a real-world book
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2.1 Semantic Web Technologies

and Gandalf a fictional character. Such discrepancies between the assumed and ac-
tual data structure can adversely affect downstream applications powered by the
KB, like a digital library catalog.

Figure 3: Visualization of an implausible RDF triple.

To validate that RDF data conforms to certain expectations, the W3C introduced
the Shapes Constraint Language (SHACL) [64]. SHACL’s core building blocks are
shapes, which are composed of targets and constraints. Constraints define conditions
that may apply to any RDF term using the parameters of constraint components.
Target definitions are the most direct way to identify concrete nodes in an RDF graph
on which a constraint will be evaluated (focus nodes) [86]. For example, the shape
in Figure 4 targets all instances of the class ex:Book with the constraint that all
values of the ex:hasAuthor property must by of type ex:Author using sh:class, a
parameter of the constraint component sh:ClassConstraintComponent. Intuitively,
this may be interpreted as ”all books must be written by an author”.

SHACL offers various other constraint components and methods for generating focus
nodes. This work concentrates on the standardized constraint components defined by
SHACL Core, supported by all SHACL implementations, and excludes the SHACL-
SPARQL extension. Focus nodes can also be specified by directly passing a node
to a validator or emerge from a shape-expecting constraint parameter like sh:node,
which requires certain property values to conform to a shape [64].

SHACL distinguishes node shapes that apply constraints directly to focus nodes,
and property shapes that restrict the nodes reachable via a specified property path.
Both may be expressly typed or not and defined as IRIs or blank nodes - an exam-
ple of SHACL’s ability to express the same semantics in different ways, akin to NL
paraphrasing. Figure 4 captures this syntactic flexibility: it presents a node shape
explicitly named (ex:BookShape) and typed (sh:NodeShape), which references an
anonymous property shape. The constraint in the property shape applies not di-
rectly to ex:Book instances, but to the objects of ex:hasAuthor, highlighting the
conceptual distinction between focus nodes, that anchor a shape in the data graph,
and value nodes, to which a constraint applies [64].

8



2.1 Semantic Web Technologies

Figure 4: Example SHACL validation. (a) A shapes graph consisting of a node shape targeting
books, with a property shape requiring that each book is written by an author. (b) and (c) show
data graphs validated against this shape. (b) conforms; (c) violates the constraint because the book
Slaughterhouse-Five (focus node) is written by Gandalf (value node), who is not an author.

SHACL validation takes two inputs: a set of SHACL shapes (shapes graph) and
an RDF graph that is being validated (data graph) [64]. To conform with a
shapes graph, the data graph must conform with each individual shape, which
requires that all focus nodes satisfy all constraints [86]. This is the case in Fig-
ure 4b, where the value node ex:KurtVonnegut is of type ex:Author as expected
by the only constraint in 4a. If a focus node does not satisfy a constraint, a val-
idation result is generated [64]. For example, the non-conforming data graph in
Figure 4c would produce the result that focus node ex:SlaughterhouseFive vio-
lates the property shape in 4a because it does not satisfy the constraint component
sh:ClassConstraintComponent. The final output is a validation report, which is
an RDF graph reporting the conformance of the data graph and the set of validation
results [64].

An important premise of validation is the Closed World Assumption (CWA), which
treats a graph as complete and interprets missing relations as nonexistent. Its
counterpart, the Open World Assumption (OWA), treats absent information as un-
known [63]. In SHACL, CWA applies in two ways. First, the shapes graph is con-
sidered exhaustive: only explicitly defined constraints are evaluated, and all nodes
trivially conform to a shape without constraints [86]. For instance, the data graphs
in Figure 4 would both conform if ex:hasAuthor was absent because the shapes

9



2.1 Semantic Web Technologies

graph does not impose a cardinality constraint on the property. Second, if a relation
is missing from the data graph it is assumed not to exist [64]. For example, the data
graph in Figure 4b would not conform if Kurt Vonnegut was not explicitly typed as
author.

A notable use case of SHACL is SHACL-SHACL, a shapes graph that encodes the
main syntactic rules of SHACL Core. The meta shapes graph can be used to validate
whether a given shapes graph is well-formed, meaning that all of its shapes conform
to the SHACL syntax, or ill-formed otherwise [64].

In sum, SHACL shapes graphs make a separate yet deeply integrated contribution
to the Semantic Web’s ambition of enabling software agents to meaningfully analyze
human knowledge [9]. RDF data graphs (§ 2.1.1) accommodate domain-agnostic
and machine-readable knowledge representation. Ontologies (§ 2.1.1) additionally
enable deductive knowledge discovery. Shapes graphs complement this framework
by verifying whether the existing data conforms to certain expectations, fostering
interoperability, data quality, security, and usability [86]. Despite their distinct
functions, data graphs, ontologies, and shapes graphs are all grounded in the RDF
data model and tightly interconnected: ontologies define the intended semantics,
data graphs represent actual instances, and shapes graphs serve as a bridge by ren-
dering structural expectations about the data, rooted in formal semantics, verifiable.
Figure 5 revisits the library KB one last time to illustrate this interrelation.

Further reading: The SHACL specification [64] offers a comprehensive formal
account of SHACL, including SHACL-SPARQL. Steyskal and Coyle [104] discuss
possible use cases and requirements from a more practical perspective. Another
language for RDF data validation, Shape Expressions (ShEx), was published as a
W3C Community Group Report [88]. Gayo et al. [38] discuss its features and relation
to SHACL in depth.
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Figure 5: Interrelation of ontology, data graph, and shapes graph. Each hexagon represents one
of the structures, with a schematic example and W3C standards. The blue frame highlights the
use of the RDF data model throughout. The data graph states that Slaughterhouse-Five is a book
written by Gandalf. The ontology defines that has author links books to authors. The book shape
in the validation graph enforces this constraint by verifying that the has author-path for all books
ends at an author. The red cross indicates that the data graph does not conform with the shape
because Gandalf is not an author.
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2.2 Large Language Models

2.2 Large Language Models
Large Language Models (LLM) represent the current pinnacle of language mod-
eling aimed at developing software agents with human-like conversational abili-
ties [70, 116]. They have supplanted recurrent [47, 75] and convolutional neural
networks [68], capitalizing on the vast, diverse textual data available on the web,
advances in computational abilities, and algorithmic innovation [116]. In particular,
the introduction of the Transformer by Vaswani et al. [111] has led to remarkable
progress across various NLP tasks (12, 117, 26, i.a.).

2.2.1 From Transformers to LLMs

The Transformer was originally developed by Vaswani et al. [111] for machine trans-
lation, where accurately modeling the influence of surrounding words and sentence
structure on word meaning is crucial. Its fundamental innovation is the reliance on
self-attention mechanisms to address this challenge. In contrast to earlier recurrent
models [47, 17], which process tokens sequentially and whose computational complex-
ity increases linearly with token distance, self-attention computes dependencies be-
tween any two positions in constant time and supports efficient parallelization [111].

Self-attention transforms the input embedding X by weighing information from all
sequence tokens according to their contextual relevance. Concretely, learned weights
linearly project X into matrices Q (queries), K (keys), and V (values). Attention
scores, calculated as the scaled dot-product between Q and K and normalized via
softmax, are used to compute a weighted sum of the values, yielding token represen-
tations that are selectively influenced by all other tokens in the sequence. Multi-head
self-attention runs multiple self-attention functions in parallel to capture diverse rep-
resentations [111].

The Tranformer integrates self-attention throughout its encoder-decoder structure.
The encoder transforms the source sequence (e.g., an English sentence) into rich
contextual representations, while the decoder auto-regressively generates the target
sequence token-by-token (e.g., a Dutch translation). Both blocks consist of N iden-
tical layers, each with a multi-head self-attention layer and a feed-forward network.
The decoder additionally prepends a masked multi-head self-attention layer, restrict-
ing the attention mechanism to the current and past outputs. Moreover, by applying
multi-head attention to the encoder’s output it accesses contextual information from
the entire input sequence [111].

12
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LLMs have advanced the original Transformer along several dimensions.
First, Vaswani et al. [111] relied on supervised learning over a task-specific dataset,
whereas modern LLMs typically combine self-supervised pre-training on massive cor-
pora with targeted fine-tuning - often in the form of instruction tuning, where models
are trained on question-answer pairs to better follow human instructions [70, 127].
Second, with advances in data availability and hardware, model sizes scaled from the
initial 65-213 million [111] to hundreds of billions learnable parameters (e.g., 12, 16).
Third, model architecture diversified with encoder-only models like BERT [26] and
decoder-only models like GPT-3 [12] emerging alongside encoder-decoder variants
like T5 [92].

LLM development continues to evolve. Recent innovations include reasoning mod-
els like DeepSeek-R1 [22] and QwQ-32B [90] that target performance on logically
demanding tasks and use reinforcement learning to achieve competitive results with
relative resource-efficiency [10]. Both models are employed in this work and will be
described in more detail in Section 6.1.2 on model selection. Moreover, Liu et al.
[70] describe a more recent training paradigm that they coin ”pre-train, prompt, and
predict”. Instead of fine-tuning the large, pre-trained foundation models with task-
specific training objectives, this approach focuses on prompt engineering, i.e. how
to present downstream tasks to pre-trained LLMs, which will be discussed in more
depth in the next section.

Further reading: For an introduction to NLP, see Jurafsky and Martin [60]; a new
edition also covering Transformers and LLMs is in progress at the time of writing10.
For technical details on the original Transformer, refer to Vaswani et al. [111].

2.2.2 Prompt Engineering

This work adopts the ”pre-train, prompt, and predict” [70] paradigm, which relies on
prompt engineering - the process of selecting a model input (prompt) that yields the
best performance on the downstream task. Because terminology in this area remains
unsettled, we define key terms as used in this work in Table 2.

10Draft available at https://web.stanford.edu/~jurafsky/slp3/
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Table 2: Key prompting terminology (adapted from Schulhoff et al. [97]). The prompt components
(Directive, Input, Example, Additional Information) were selected based on their relevance to the
present work and are neither required nor exhaustive for building prompts.

Term Description Example
Prompting
Technique

A structured approach to for-
mulating prompts.

Few-shot prompting

Prompt
Template

A function with one or more
variables that transforms
an input into a structured
prompt.

Translate to [lang]: [input]

Prompt The complete input provided
to an LLM to direct its output.

Translate to Dutch: Fredda
was the odd one out.

Directive An NL instruction or question
that expresses the task’s core
intent.

Translate to Dutch:

Input The main task-specific content
to process or respond to.

Fredda was the odd one out.

Example A demonstration of the ex-
pected output given an exam-
ple input.

Input: Abdul is a nitpicker.
Output: Abdul is een mieren-
neuker.

Additional
Information

Supplementary content rele-
vant to solving the task.

A list of Dutch idioms

Prompt engineering combines computational efficiency - avoiding costly parameter
updates, storage of multiple specialized checkpoints, and dataset annotation [95]
- with task flexibility. By leveraging the broad linguistic features learned by pre-
trained LLMs [70], a single model can attain competitive performance across diverse
tasks [12, 87, 91] and adapt rapidly to low-resource domains lacking labeled data [95].

One practical approach to prompt engineering is to design task-specific templates by
manually adapting an existing prompting technique. A prompting technique may
dictate the components to be included (e.g., examples versus no examples [12]), the
prompt format (e.g., discrete versus continuous [126]), or the execution schema (e.g.,
an agentic structure [124]). Here, we focus on three foundational techniques, illus-
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trated in Figure 6 based on the familiar example from Table 2. They are characterized
by their varying prompt components:

• Zeroshot (ZS) prompting: Presents only a directive and the input. While
requiring no examples, its performance hinges on the model’s pre-trained ca-
pacity to generalize from minimal information [12].

• Fewshot (FS) prompting [12]: Augments the template with a set of input–
output demonstrations. Outperforms ZS across various NLP tasks [12] but re-
sults are sensitive to several factors like example order [72], label accuracy [76],
and formatting [58]. More examples [12, 69] and examples that are close to the
input in the embedding space [36, 69] tend to improve performance.

• Chain-of-Thought (CoT) prompting [118]: Incorporates examples with
step-by-step solutions to tackle complex, multi-step tasks, yielding marked
gains over standard FS [16, 105, 118]. For instance, it may explain idiomatic
meaning before translating “nitpicker” into Dutch (Figure 6). Kojima et al. [66]
introduce a ZS variant where deliberation is induced with a thought-provoking
cue instead of examples. Moreover, several variants explore diverse solution
paths, e.g., Self-Consistency [115] aggregates outputs from multiple sampled
reasoning chains via majority voting, and Tree of Thoughts [123] iteratively
builds a coherent reasoning trajectory by generating and evaluating alternative
thought steps. In this work, CoT refers exclusively to example-based CoT.

Figure 6: Prompting technique examples. Zeroshot (a) includes only the directive, fewshot (b) adds
input-output pairs, and chain-of-thought (c) extends the example output with reasoning steps. In
practice, components are concatenated into a single prompt string.
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Further reading: Readers seeking a formal introduction to prompting may refer
to Liu et al. [70] who propose a set of mathematical notations and comprehensive
typology of prompt-based methods.
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3 Related Work

3.1 Automatic Social Benefit Assessment
Several initiatives in Germany highlight that private and public stakeholders alike
have recognized the demand for a digital, user-centric service for social benefit eligibil-
ity assessment. Although they share the ambition of simplifying access to benefits,
they differ in interaction design, transparency of implementation, and underlying
data models, as the examples below illustrate. We briefly present each system and
then describe how our work departs from - and advances - the current approaches.

Sozialplattform11. Sponsored by the Ministry of Labor, Health and Social Af-
fairs of North Rhine-Westphalia, Sozialplattform offers the ”Sozialleistungsfinder” -
a fixed, linear questionnaire that returns non-binding eligibility indications for up to
13 benefits. While municipalities can contact the providers to integrate the service
via one of three deployment variants [102], neither the code nor the data schema is
publicly available. Thus, technical details remain opaque at the time of writing but
informal communications with project consultants indicate that the system relies on
rule-based mappings from user responses to benefit categories.

Sozialkompass12. Originating from an Information Systems seminar in 2022 at
the University of Münster and showcased at the 2022 Münsterhack13 Hackathon,
Sozialkompass is maintained by an interdisciplinary group of volunteers. It presents
a dynamically branching questionnaire culminating in personalized assessments for
ten benefits. The source code and data model are not linked on the project’s web
presence, nor publicly available on its GitHub14 or the Münsterhack archives [34].
Based on informal consultations with team members, the system appears to represent
eligibility conditions as Boolean expressions evaluated at runtime.

FörderFunke15. Like Sozialkompass, FörderFunke guides users through a dynam-
ically branching questionnaire that adapts question paths based on prior answers.
They encode eligibility rules as SHACL shapes graphs and model user inputs in
RDF. A custom SHACL engine validates the assembled user graph against these
shapes and classifies each of up to ten benefits on a graded scale from “insufficient

11https://sozialplattform.de/
12https://sozialkompass.info/de
13https://www.muensterhack.de/
14https://github.com/Sozialkompass
15https://foerderfunke.org/
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3.2 Text2SHACL

information” to “probable eligibility.” The developers actively encourage community
contributions, and the development steps - including the application’s source code
and knowledge base - are continuously updated under an open-source license on their
GitHub repository16.

The research in my thesis builds on the work of FörderFunke, deliberately adopting
two foundational design choices that distinguish it from the previous examples. First,
as opposed to both, Sozialkompass and Sozialplattform, we release the source code
and dataset under an open-source license on GitHub17 to promote reproducibility
and transparency. Foundational to scientific progress [42], these principles also meet
rising expectations for accountability and innovative spirit in public IT, reflected in
§16a of the German E-Government Act (E-Government Gesetz, EGovG) [24] that
mandates prioritizing open-source software and open standards in federal software
procurement. Second, we encode eligibility rules as SHACL shapes, contrasting with
what we know about the data models underlying Sozialkompass and Sozialplattform.
As an open W3C standard, this choice again aligns with §16a EGovG, ensures inter-
operability with the wider Semantic Web stack (§ 2.1), and separates requirements
representation from application logic. The latter allows legal amendments to be ef-
fected simply by revising SHACL shapes - without touching the codebase - while also
enabling domain experts to contribute benefit rules without programming expertise.

Finally, we extend FörderFunke’s manual modeling workflow by investigating the
potential of LLMs to automatize the process after a systematic inspection of the
underlying Text2SHACL task. The narrow scope of supported benefits across the
above applications underscore the need to accelerate the encoding of eligibility rules
into machine-readable formats. By exploring this path, this work contributes to a
foundation for scalable assessment systems capable of adapting to the diverse and
evolving landscape of social benefit programs.

3.2 Text2SHACL
This section surveys the existing research on generating SHACL shapes from NL text,
setting the stage for our own contribution and the formal definition of Text2SHACL
presented in Section 4. We conducted keyword queries in LUX and Google Scholar
with search keywords constructed from the following terms: text-to-shacl, text2shacl,
generating SHACL with [large language models | prompt engineering], shacl validation

16https://github.com/Citizen-Knowledge-Graph
17https://github.com/semantic-systems/text-to-SHACL.git
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of [requirements | rules | natural language text]. We prioritized the top twenty results
per query and expanded our scope by following pertinent citation trails.

A two-stage selection process was employed to ensure the relevance and quality of
the literature. First, we removed duplicates and applied strict inclusion criteria:
publications had to be dated after July 2017 (the release date of the SHACL stan-
dard [64]), appear in peer-reviewed scientific journals or conference proceedings, and
offer an English full-text version accessible either freely or through Leuphana Uni-
versity’s institutional access. Second, we manually screened titles and abstracts of
the remaining publications for thematic relevance. For example, we excluded works
generating SHACL from structured data such as RDF graphs [73, 81], RDF mapping
languages [23, 57], or ontologies [18, 85], as these approaches benefit from pre-existing
structural cues in the input. This resulted in a corpus of seven publications directly
addressing the conversion of NL to SHACL shapes, presented below.

Most existing work relies on the manual creation of SHACL shapes from text across
diverse domains. This includes translating FAIR best practices for research soft-
ware [54] to assess the quality of GitHub repositories [53], as well as encoding legal
norms – like Ghanaian petroleum industry regulations [2] or licensing terms [93] –
for automated compliance checking. Furthermore, in the AEC domain, Nuyts et al.
[80] demonstrate a SHACL-based validator for a building regulation on accessibility,
and Hagedorn and König [44] use the standard to validate adherence of Building
Information Models (BIMs) to technical requirements.

By focusing on eligibility criteria for social benefits, we introduce a novel domain to
this body of work. This distinction is significant because application-specific charac-
teristics fundamentally shape the manual workflow. For instance, Hummel et al. [53]
must operationalize the broad FAIR principles into verifiable criteria, while studies
focusing on technical and legal regulations [2, 80, 93, 44] face a narrow interpretive
scope, which they navigate with domain expertise and application-specific methods,
such as the RASE mark-up language for AEC regulations [80]. Given this diversity,
our novel use case warrants a tailored methodology and examination of the associated
challenges, which we address throughout Section 5 in answer to Q1 and Q2.

Moreover, we extend the previous studies by investigating the automation of the
Text2SHACL task to reduce modeling overhead and foster scalability. In contrast
to Senkýr [98] and Donkers and Petrova [28], who map individual sentences to pre-
defined SHACL templates based on syntactic analyses with established NLP meth-
ods, we propose an LLM-driven end-to-end approach. We share with those works
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the focus on the standardized SHACL Core constraint components that are more
amenable to automation than the custom SHACL-SPARQL constraints featured in
most of the manual methods [2, 80, 93, 44]. However, with the prompt engineer-
ing approach presented in Section 6 we overcome the limitations of template-based
methods, which require detailed prior knowledge of the rules and struggle with the
inherent variability of NL [28]. This is particularly important because the social
benefit requirements we investigate are often verbose with minimal structure, unlike
the more predictable hypothetical descriptions [98] and fire safety regulations [28]
previously explored.

SHACL shapes graphs represent a syntactically constrained subset of RDF
graphs [64] — a close correspondence that we leverage by building on the text-
to-knowledge graph (Text2KG) literature in several respects:

• Task Definition: Our definition of the Text2SHACL task (§ 4) is informed
by Mihindukulasooriya et al. [74], who present a benchmark to evaluate LLMs’
abilities to construct ontology-compliant knowledge graphs from NL.

• Evaluation Metrics: We employ graph matching metrics validated in prior
Text2KG research [4, 41, 46] to evaluate the quality of LLM-generated shapes
graphs against a human-generated ground truth.

• Prompt-Based Methods: The use of LLMs in knowledge graph construction
is comparatively mature [84], and the promising application of prompt-based
methods [41, 46, 94] motivates our exploration of prompt engineering for au-
tomating Text2SHACL.

While Text2KG research has laid important groundwork, the more restrictive syntax
and greater logical intricacy of SHACL as opposed to unconstrained RDF, warrants
a distinct examination of LLMs’ abilities to perform Text2SHACL with tailored
prompts (Q3) in Section 6.
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4 Task Definition
So far, we described Text2SHACL as the task to convert a NL text into a SHACL
shapes graph. The related work presented in section 3.2 highlights several important
nuances. First, input texts can contain requirements, rules, or criteria at varying
conceptual levels, from general principles [53] to specific legal rules [2]. Second, to
support downstream tasks, the generated shapes must conform to the target on-
tology - whether custom-built [2] or pre-existing, such as the Software Description
Ontology [53] - by adopting the data-graph terminology in line with its formal seman-
tics. Third, the output may range from a restricted set of SHACL Core constraint
components [98] to the full expressiveness of SHACL, including SHACL-SPARQL
constraints [2].

To consolidate this diversity, we build on Mihindukulasooriya et al. [74] who frame
Text2KG as a ”fact extraction task guided by an ontology”. Analogously, we un-
derstand Text2SHACL as a constraints extraction task guided by an ontology. This
task takes two primary inputs: (1) a natural language text containing normative
statements (e.g., rules, requirements, or criteria), and (2) an ontology that defines
the concepts and properties needed to express the normative statements from (1)
that are relevant to the downstream validation task. While not the focus of this
work, we note that the notion of ontology could, in principle, be interpreted more
broadly to include other representations of the target terminology, such as illustra-
tive data graph examples. The desired output is a set of well-formed SHACL shapes
that accurately reflect the constraints expressed in the text and conform to the on-
tology. Ultimately, all quality criteria converge on the functional requirement that
the generated SHACL shapes should validate the target data graphs as intended by
the input text.

While inspired by Mihindukulasooriya et al. [74], this implies several important dis-
tinctions from their formulation of Text2KG. First, our definition targets normative
rather than descriptive input texts. Second, illustrative input-output pairs are no
mandatory input component of Text2SHACL to keep the task specification method-
agnostic. Finally, we expect the output to consists of syntactically valid SHACL
rather than simplified triple verbalizations - reflecting our emphasis on executable
output that is directly usable in downstream validation workflows.

We formally express Text2SHACL as follows:

21



Let T be the set of all possible texts, S the set of all well-formed SHACL shapes
graphs, and G the set of all possible RDF graphs that can be constructed from
an ontology O.
The goal of Text2SHACL is to learn a multi-valued function

f : T −→ 2S (1)

that maps any text t, given O, to the set of SHACL shapes graphs S ⊆ S, such
that for all g ∈ G, g conforms with S if and only if it satisfies the constraints
expressed in t as interpretable under O.

In this work, we restrict T to a finite set of NL descriptions of eligibility criteria for
social benefits, and G to a collection of synthetic RDF graphs simulating user input
for automated eligibility assessment. O is a task-specific, custom-built ontology.
The remainder of this work explores two approaches to finding f : human annotation
(Section 5) and prompt engineering (Section 6).
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5 Dataset
The initial phase of our research investigates a manual methodology for representing
social benefit eligibility requirements using SHACL. The objective is to develop a
nuanced understanding of the necessary steps and specific challenges involved in
performing the Text2SHACL task in this domain.

5.1 Methodology
5.1.1 Requirements Texts

The goal is to collect NL descriptions of eligibility criteria for German social benefits,
which we term “requirements texts” for brevity. To define the analytical scope of
our corpus, we adopt the definition of “social benefit” as outlined in §11 of the First
Book of the German Social Code (Sozialgesetzbuch I, SGB I), which encompasses the
services, benefits in kind, and monetary payments granted under the SGB, including
the laws referenced in §68 SGB I [13].

Guided by this definition, we assembled requirements texts using the Suchdienst
Application Programming Interface (API)18 provided by the PVOG. The PVOG is
a platform operated under the auspices of the German IT Planning Council that
aggregates and distributes metadata and descriptions of administrative services [55].
Seventeen editorial systems - one per federal state and one at the national level -
autonomously author and maintain the service descriptions, which are periodically
synchronized with the PVOG database [21].

Because the API does not support direct filtering for social benefits, we first collected
the full set of publicly available administrative services using two endpoints. The
first endpoint returns a catalog of all services associated with a given administrative
region [103]. Each entry is assigned a unique code consisting of an editorial system
prefix and a local numeric identifier. For example, a national-level service might have
the code B100019LB123456, where 123456 is its identifier. These so-called IDLBs
served as input to the second endpoint, which returns complete service descriptions
in JSON format. Using this approach, we downloaded 17,166 descriptions on January
20, 2025, and subsequently identified a relevant subset of social benefits in a three-
step selection procedure.

18https://anbindung.pvog.cloud-bdc.dataport.de/api/suchdienst
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Figure 7: Benefit selection process. This schematic overview visually downscales the substantially
larger flow widths of the initial set and excluded services for clarity, while preserving accurate
numeric labels. 21 out of the 27 selected services were considered for annotation.

First, we applied a series of rule-based filters using the metadata fields. Specifically,
we selected services labeled as ”Sozialleistungen” (social benefits) to ensure domain
relevance, limited the scope to entries from the national-level editorial system to
avoid duplication and regional inconsistencies, and retained only the services tar-
geting natural citizens because they are the intended end users. Additionally, we
required a non-empty requirements text field, which serves as the primary input for
the Text2SHACL task. This process resulted in 43 candidate services.

Second, we manually reviewed the pre-filtered services to ensure their legal relevance
and textual quality. During this step, we excluded duplicate entries, services no
longer in effect as of January 27, 2025, and those lacking a legal basis in the SGB
or laws referenced by §68 SGB I. Additionally, only services whose requirements
texts included clear normative statements amenable to structured representation in
SHACL were retained. This process reduced the candidate set to 24 services.

Third, we manually added three services that were not identified in the initial au-
tomated selection but are commonly featured on social benefit assessment platforms
(Section 3.1), demonstrating their practical relevance. Child benefit, although being
grounded in a law referenced in §68 SGB I [13] (Bundeskindergeldgesetz), was ini-
tially excluded because the metadata lacked the “social benefits” label. Education
and participation, as well as basic income support for old age and reduced earn-
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ing capacity, had been removed because they were unavailable through the national
editorial system, but could subsequently be sourced from the Lower Saxony system.

Figure 7 gives a schematic overview of this selection process, yielding 27 legally and
practically suitable social benefits. Resource constraints necessitated prioritizing a
representative subset of 21 social benefits for manual annotation.

5.1.2 Annotation

While the process of constructing faithful representations of the requirements texts
in SHACL was not linear, it involved iterating between five conceptually distinct
tasks, presented in this section. To guide the reader through this process, we refer
throughout to the schematic overview in Figure 8. Our explanations are illustrated
using the example of basic training for people with visual or hearing impairments
(basic training) alongside excerpts from other real-world social benefits drawn from
our dataset.

Obtain requirements text. The natural starting point for the Text2SHACL task
is obtaining the input texts. The reviewed literature illustrates the variety of con-
ceivable sources depending on the domain of interest such as research papers [53],
laws and regulations [2, 80], or construction schedules [28]. Here, requirements texts
with social benefit eligibility criteria were sourced form the PVOG as described in
the previous section (5.1.1). Procedurally, the requirements text serves as input to
the constraints extraction task (Figure 8).

Extract constraints. Prior work frequently includes an intermediate formalization
step, such as translating high-level principles into concrete quality criteria [53] or
structuring contractual terms as conditional statements [93]. However, the ambiguity
inherent in NL typically requires annotators to choose among multiple plausible
interpretations, each corresponding to a different level of abstraction. For instance,
the requirement for basic training to ”have a severe visual or hearing impairment
or be at risk of such a disability” (Figure 8) can be interpreted as either a single,
aggregated constraint, or split into multiple, disjunctive constraints.

To enhance transparency in this process, we propose to explicitly articulate the in-
tended granularity of individual constraints and iteratively refining this definition
based on emerging examples. We define a constraint as a condition specifying that
a person is eligible for a benefit only if a distinctive physical or legal fact is present
or absent prior to application. This definition captures four aspects: (1) constraints
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Figure 8: Process for converting NL requirements into SHACL shapes. Illustrated with excerpts
from a real-world social benefit description for ”Basic training for people with visual or hearing
impairments”. Ontology visualized with WebVOWL (https://service.tib.eu/webvowl/).
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may require the presence (e.g., receiving another benefit) or absence (e.g., not re-
ceiving another benefit) of a fact; (2) such facts may be physical (e.g., a disability)
or legal (e.g., reaching retirement age); (3) they must serve to distinguish between
eligible and ineligible individuals; and (4) be verifiable prior to application, aligning
with our goal of informing users proactively (e.g., having to request a notice to assert
that one is legally an employee is excluded). Ensuring distinctiveness (3) may involve
aggregating requirements when details are irrelevant for eligibility (e.g., whether un-
employment was registered electronically or in person), or decomposing them when
atomic elements - such as the presence, type, and severity of a disability in the basic
training case - each independently influence the status. The latter also enhances
scalability, as such fine-grained constraints are more likely to be reused across bene-
fits, making distinctiveness relevant not only locally but corpus-wide. Finally, in our
case, this step also involves translating the original German texts into English, the
primary modeling language for improved accessibility and interoperability.

Select constraints. Another point to consider is the practical feasibility of oper-
ationalizing the extracted constraints within the downstream validation task. This
may depend on (1) the expressivity of the chosen formalism (SHACL Core) and (2)
the accessibility of the information required to assess conformance. In our approach,
that information must be obtainable from end-users without legal expertise. In prin-
ciple, this requires decomposing legal concepts into concrete, physical facts during
constraint extraction. For example, it is more intuitive to request a person’s date of
birth than to ask whether they meet the legal retirement age as defined in 7a SGB
II. In practice, however, many requirements texts, including this example extracted
from citizen benefit, do not explicate such legal terms directly. Despite this limi-
tation, we deliberately constrain our work to a single, self-contained text corpus to
maintain a clear focus on the Text2SHACL task, rather than diverting attention to
an analysis of external legal sources. Thus, we retain ”legal facts” in our constraint
definition and propose a three‐tier flagging scheme for selecting tractable constraints,
as illustrated in Figure 8:

• Green (G): The user can directly provide the required information without
guidance, e.g. confirming a hearing or visual impairment.

• Yellow (Y): The constraint involves domain-specific terms that are not imme-
diately understandable from the text alone but could be clarified using external
sources.

• Red (R): The nature or complexity of the required information renders for-
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malization with SHACL Core infeasible; for example, a user’s “willingness”
to participate in “vocational training” or “other measures” is inherently inde-
terminate, as it requires them to express a disposition without knowing the
measures or funding opportunities.

G and Y constraints are both retained, but Y constraints require further processing
before use in a downstream task - either by encoding the meaning of the disputed
terms in a domain ontology and inserting an inferential reasoning step to semantically
enrich the data graphs before validation, or by providing appropriate explanations
during user interaction. In contrast, R constraints were excluded. This triage aims to
balance faithfulness to the source with practicality within the envisioned validation
workflow.

Ontology. Ontologies are a key tool for bridging the gap between NL and for-
malization in Text2SHACL. For instance, Donkers and Petrova [28] draw on several
existing vocabularies related to fire safety regulations, while Nuyts et al. [80] re-use
concepts from the Building Element Ontology19. However, to the best of our knowl-
edge, no existing domain ontology fully accommodates the specific task of modeling
user profiles relevant to social benefit eligibility in Germany.

Ontology development is a complex task that typically follows a rigorous methodol-
ogy including iterative testing and refinement, deep domaine expertise, and a com-
prehensive review of related vocabularies ( [83, 79], i.a.). As such, a full-fledged on-
tology development process was beyond the scope of this work. Instead, we adopted
a pragmatic approach in which the ontology evolved alongside the annotation: When
existing terms proved insufficient to express a selected constraint, we extended the
ontology with the necessary classes, properties, or individuals using the custom ff
namespace. We emphasized strict class hierarchies, well-defined property domains
and ranges, and enriching terms with NL annotations for which we selectively incor-
porated foundational vocabularies such as rdf, rdfs, and xsd. The ontology was
constructed in the open-source editor Protégé Desktop20.

Whether an evolving or fixed ontology is employed will depend on the specific focus of
a given project and the maturity of Semantic Web technologies in the target domain.
This contingency is reflected in Figure 8 by the optional linkage representing how the
identified constraints may impact the ontology. Irrespective of the chosen approach,

19https://pi.pauwel.be/voc/buildingelement/index-en.html
20https://protege.stanford.edu/
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the solid linkage from the ontology to the SHACL shapes graph underscores the
indispensable role of a shared ontology in enabling interoperability between the data
and shapes graphs.

Construct SHACL shapes. The final step is to map the selected constraints
to suitable constraint components from the SHACL Core vocabulary. The sample
shapes graph in Figure 8 illustrates key characteristics of our human-authored shapes
graphs. First, each benefit is represented by a main node shape, named after the
benefit (e.g., ff:GrundausbildungShape) and referencing its IDLB to disambiguate
the associated administrative service. Second, this main shape targets the node
ff:User, reflecting that we adopt the vantage point of the individual using the
downstream application and purposefully forego a more generic class target, such as
ff:Person, to be able to distinguish other involved individuals (e.g., a dependent
child). Third, while the verbalized constraints suggest linearity, the tightly coupled
network of property and node shapes in their SHACL representation reveals the
structural complexity of the underlying semantics. For the construction of SHACL
shapes, this means that the selected constraints cannot be considered in isolation but
must account for interactions between constraints across multiple shape components.

5.1.3 Evaluation

To assess the quality of the generated SHACL shapes graphs, we employed a two-step
evaluation procedure combining synthetic RDF data and expert annotation.

First, we manually constructed RDF user profiles based on the selected con-
straints and validated them against the generated shapes graphs using the pySHACL
library21. To ensure syntactic correctness, we employed pySHACL’s built-in
meta-shacl mode, which validates the shapes graph against the meta shapes graph
(§ 2.1.3). Subsequently, to assess the semantic adequacy of the shapes graphs - that
is, their alignment with our interpretation of the requirements texts - the profiles
were purposefully designed to either satisfy or violate specific constraints. If vali-
dation results deviated from the expected behavior, or indicated a violation of the
meta shapes graph, the tested shapes graphs were revised accordingly until

We systematically built a dedicated set of synthetic RDF data for each social benefit,
aimed at covering a variety of distinctive scenarios. Starting with a seed data graph
conforming to all constraints, we derived additional test cases by systematically

21https://pypi.org/project/pyshacl/0.9.5/
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varying constraint satisfaction. To ensure comprehensive yet manageable coverage,
we applied tailored heuristics based on the type of each constraint:

• Numeric range constraints (e.g., ”user must be at least 15 years old”):
These restrict a value to lie within a continuous or discrete interval on the
number line and are defined with respect to the interval boundaries. For each
such constraint, we aimed to construct:

– one conforming edge-case (e.g., age set to 15),

– one non-conforming edge-case (e.g., age set to 14).

• Categorical constraints (e.g., ”user must live in Germany”): These require
membership in an exhaustively articulated set of permissible values. For each
such constraint, we aimed to construct:

– up to two conforming cases from the set (e.g., residence in Germany),

– one non-conforming case (e.g., residence in Tuvalu).

For both types, we also accounted for missing information (e.g., age or residence are
not defined). Consistent with our constraint definition, which requires both presence
and absence conditions to be explicitly specified, this case was expected to result in
non-conformance.

Second, two domain experts - who have worked extensively with SHACL within the
German administrative context as key contributors to the FörderFunke project22 -
reviewed each shapes graph. This review aimed to mitigate potential circularity,
since both data and shapes graphs stemmed from the author’s interpretation of the
requirements, and to ensure comprehensive coverage beyond the heuristically derived
user scenarios.

The expert annotators were provided with detailed guidelines, a structured anno-
tation sheet, and the annotation targets - namely, the original requirements texts,
the selected constraints, and the shapes graphs. All materials are digitally attached
to this thesis (Appendix F). The annotation sheet allowed annotators to accept or
reject the proposed formalization of each social benefit, where acceptance indicated
agreement with all three components of the target. In case of rejection, annotators

22https://foerderfunke.org/
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were asked to specify which aspect(s) (benefit selection, requirements interpretation,
or SHACL representation) were responsible and provide a free-text explanation.

If both experts independently accepted a target, it was directly included in the ground
truth. If at least one of expert rejected a target, we approached disagreement reso-
lution following Oortwijn et al. [82] who emphasize that the appropriate resolution
strategy depends on the source of disagreement. Accordingly, we conducted a joint
review session with both annotators to determine which conflicts required revisiting
task definitions or annotation guidelines, aligning conceptual understanding among
annotators, correcting inconsistencies or errors, or addressing interpretive differences
through discussion [82]. Revised shapes graphs were then re-annotated in a second
round using the same procedure. To avoid unresolved annotations from inhibiting
the datasets’ suitability as ground truth, a researcher from our team was prepared
to act as a final arbitrator in case disagreements persisted after the second round.

To quantify the extent of inter-annotator agreement, we report Cohen’s Kappa
(κ) [19] after each annotation round, based on binary ”accept”/”reject” labels.
Kappa scores range from −1 to +1, where 0 indicates agreement expected by chance
and 1 perfect agreement. It is formally defined as follows:

κ =
po − pe
1− pe

where po is the observed agreement between annotators, and pe is the expected
agreement by chance.

5.2 Results
Based on the tailored methodology proposed in the previous section, we constructed
a Text2SHACL dataset for social benefit eligibility assessment, publicly available in
this project’s GitHub repository23, that consists of four parts:

Requirements Texts. A curated set of 21 NL requirements texts, each outlining the
name, IDLB, and eligibility criteria of a social benefit as issued by the PVOG. Since
the PVOG does not guarantee the completeness of English translations, we include
the original German texts. The documents vary substantially in length (min: 24,
max: 405, mean: 122 words) and degree of structure. While they consistently employ
itemization, items range from fragmented phrases to multi-sentence paragraphs, and

23https://github.com/semantic-systems/text-to-SHACL.git
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are sometimes combined with continuous text. From these texts, 178 constraints
were extracted, of which 59% were accepted (GREEN), 25% conditionally accepted
(YELLOW), and 16% rejected (RED) during selection. Owing to the manual review
of textual quality during benefit selection, all texts contain at least one accepted
constraint. Full statistics are reported in Table 3.

Table 3: Distribution of extracted and selected constraints. Colors distinguish accepted (GREEN),
conditionally accepted (YELLOW), and rejected (RED) constraints. Relative frequency is calcu-
lated over 178 constraints, extracted from 21 requirements texts.

Constraint type Absolute
frequency

Relative
frequency

Min per
file

Max per
file

Mean per
file

GREEN 105 0.590 1 18 5.00
YELLOW 44 0.247 0 8 2.10
RED 29 0.163 0 5 1.38

TOTAL 178 1.000 3 25 8.48

Ontology24. A human-authored, task-specific ontology that formally encodes the
concepts needed to assess eligibility for the 21 selected social benefits. It defines 40
classes, 53 object properties, 52 data properties, and 33 individuals. As shown in
Figure 9, it has a star-like topology centered on the Person class, reflecting that most
requirements apply to personal attributes of the user and their dependents. Another
cluster forms around the Event class, which has the most subclasses, mirroring the
versatility of the concept as well as the fact that several benefits are triggered by
formalized occurrences such as an insolvency or insurance event. Only three other
classes have subclasses, each with a maximum of three, and limited to a single hier-
archical level. 73% of data properties are Boolean-valued, alongside a smaller set of
numeric and temporal types. The largest number of individuals is associated with
the class Social benefit, which highlights the interdependent nature of benefit entitle-
ments, where determining eligibility for one benefit may require reasoning over past
and present receipt of, or entitlements to, others.

SHACL Gold. A set of 21 human-generated SHACL shapes graphs, each represent-
ing the selected constraints form one of the requirements texts using the proposed
ontology. The number of triples per graph ranges from 11 to 164 (mean: 62.57),
reflecting variation in constraint complexity and density in the underlying require-
ments texts. In total, the shapes graphs comprise 59 node shapes and 119 property

24https://seikpold.github.io/social-benefits-ontology/v1-2025-06-05.ttl
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Figure 9: Ontology visualization. Dark blue circles are classes (with class names and individual
counts, if any), edges are properties, and yellow rectangles are data types. All terms are from the
ff namespace. Visualized with WebVOWL (https://service.tib.eu/webvowl/).

shapes. The only explicit target declaration is the node target User consistently
used across all shapes graphs. We observe 508 individual SHACL constraint param-
eters - nearly three times the number of extracted constraints, underscoring the finer
granularity of SHACL’s constraint components relative to the intermediate human
formalization step. Figure 10 shows that the parameters span a wide range of the
constraint component types as defined in the SHACL specification [64]. The most
frequent are cardinality constraints, notably sh:minCount, which reflects the need to
ensure the presence of all relevant data for conclusive eligibility assessment. This is
followed by shape-based constraints, notably sh:property, which enables validating
values nodes against a property shape, thereby extending the validation scope deeper
into the graph.

All finalized SHACL Gold graphs are unanimously accepted by the expert annota-
tors and successfully pass the validation tests - that is, they accurately differentiate
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between compliant and non-compliant data graphs in their dedicated set of syn-
thetic user profiles and conform with the syntax rules in the meta shapes graph.
High inter-annotator agreement after the first round (κ = 0.91), which increased to
perfect agreement (κ = 1) following disagreement resolution, demonstrates the relia-
bility of the annotation procedure and the robustness of the resulting gold standard.
Arbitration was not required.

Figure 10: Distribution of constraint parameters in SHACL Gold. X-axis: Constraint parameters
grouped by their type as defined in the SHACL specification [64]. Y-axis: Number of occurrences
across all 21 human-generated shapes graphs.

RDF User Profiles. A set of 314 synthetic RDF user profiles composed of 21
subsets, designed to systematically probe one of the generated SHACL shapes graphs.
The number of profiles per graph ranges from 4 to 29 (mean: 15), mirroring the
variation in the size of the shapes graphs. On average, 37% of the profiles per shapes
graph were purposefully designed to be eligible for the corresponding benefit. The
systematic inclusion of non-conforming data graphs due to missing values in addition
to inaccurate values accounts for the moderate bias toward ineligible cases.
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5.3 Discussion
5.3.1 Text2SHACL Process

In response to our first research question - how can eligibility requirements for social
benefits be systematically translated from natural language text into SHACL shapes
graphs? - the results demonstrate that the methodology presented in Section 5.1
supports a robust manual conversion of requirements texts to shapes graphs. Beyond
its practical utility, the schema yields two more general insights relevant to the
broader Text2SHACL task.

First, the mapping process is fundamentally shaped by assumptions about the com-
pleteness of the ontology. Under an OWA, the vocabulary remains extensible, allow-
ing new concepts to be introduced dynamically as texts are processed. In this case,
the scope of the resulting shapes graph is primarily determined by the input text,
with the ontology ensuring terminological consistency. Conversely, the CWA treats
the ontology as a complete conceptualization of the target vocabulary. Consequently,
the ontology’s expressivity limits what aspects of the input can be formalized. While
our manual annotations adopt the OWA to account for the absence of a predefined
ontology, the prompting experiments in Section 6 deliberately assume a fixed ontol-
ogy to guide constraint selection by the LLMs.

Second, although the proposed steps capture recurring patterns in existing
Text2SHACL literature and is generally domain-independent, their concrete imple-
mentation is closely tied to the intended use of the resulting shapes graphs. In our
validation scenario, data graphs are derived from user queries, requiring the con-
straint selection to consider which information users can realistically supply. The
constraint definition similarly accounts for the user, addressing their application
status. By contrast, if the goal were to validate completed applications, the same
requirements texts could be used, but the interpretive lens might shift toward align-
ment with predefined fields in application forms.

A central motivation for the proposed framework is to enhance transparency and
reproducibility by explicitly articulating the interpretive assumptions and design
choices that underlie the process of translating NL text to SHACL. Nonetheless,
the manual execution of the task also brought to light several persistent modeling
challenges that will be discussed in-depth in the next section.
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5.3.2 Text2SHACL Challenges

In answer to our second research question - what challenges hinder the faithful
representation of eligibility requirements for social benefits with SHACL Core? -,
this subsection discusses systemic obstacles encountered while manually performing
Text2SHACL on social benefit eligibility requirements. They fall into two broad
categories: (1) Limitations of SHACL Core and (2) Domain-specific formalization
challenges.

Limitations of SHACL Core. We identify three recurring types of eligibility
requirements from the dataset that are, in principle, formalizable, but push the
expressive boundaries of SHACL Core. We define them as follows:

• Arithmetic requirements involve the application of numeric operations like
summation, which SHACL Core does not support. For example, eligibility
for unemployment benefit requires that a person ”has been subject to compul-
sory insurance for at least 12 months...” and specifies various periods that can
be counted toward this total. Thus, rigorously evaluating this rule requires
summing over multiple durations first.

• Temporal requirements specify that a given condition must be satisfied ei-
ther at a particular point in time or within a defined temporal interval. For
instance, the previously cited requirement for unemployment benefit contin-
ues: ”...within the last 30 months before registering as unemployed”. While
some SHACL Core parameters allow for basic operations on date-types (e.g.,
sh:lessThan), it can neither compute time intervals with respect to a specific
date nor condition constraints on a temporal reference.

• Defeasible requirements can be overridden by other requirements [93]. For
instance, transitional allowance for people with disabilities requires 12 months
of social insurance within the last 3 years. However, the 3-year-limit for this
(and other) requirements is waived for vocational returnees with disabilities.
While SHACL Core allows neutralizing a shape with sh:deactivated, it lacks
mechanisms for conditional deactivation to directly model such exceptions.

To handle arithmetic and temporal constraints, we adopted a pragmatic workaround
by encoding the outcome of complex computations in boolean-typed data proper-
ties such as ff:compulsoryInsuranceFor12In30 that indicate whether the relevant
conditions holds (e.g., whether a person has been insured for at least 12 months
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within the last 30 months). Although this approach enables SHACL to validate
these higher-level abstractions, it merely defers the necessary reasoning steps: Ei-
ther to the user, who must manually sum up the relevant insurance periods in the
specified time window, or to an external rule system that pre-computes these values
from lower level user input before validation. This reduces the overall expressiveness
of the KB, as key information remains embedded in unstructured NL definitions of
abstract terms rather than being formally defined. It also undermines re-usability,
since the resulting properties are tailored to highly specific use cases.

For defeasible constraints, we used SHACL’s sh:or parameter to model alterna-
tive eligibility paths. For example, a user must either comply with a node shape
that represents conditions for vocational returnees, or to another one that encodes
the default case. Although functional, this approach introduces repetition: nearly
identical constraints must be copied across multiple shapes, with only minor vari-
ations. Furthermore, this technique necessitates significant logical restructuring of
the original requirements - from a ”default-plus-exception” format to a ”scenario
1.1, scenario 1.2,...” branching structure. This transformation increases the risk of
interpretive inconsistencies and amplifies the structural complexity of the resulting
shapes graphs.

In sum, given its standardized syntax and broad implementation support, SHACL
Core is a practical choice for many validation tasks, especially when considering
automatic generation of SHACL shapes. Nonetheless, recognizing the described lim-
itations in the context of social benefit requirements is essential. Workarounds may
come at the cost of additional complexity, reduced modularity, or limited machine in-
terpretability, and may necessitate the construction of more precise SHACL SPARQL
constraints depending on the application requirements.

Domain-Specific Formalization Challenges. The second group of challenges
comprises types of requirements that pose fundamental obstacles to formalization.
These challenges arise not from technical limitations, but from the nature of the
requirements themselves, which resist reduction to deterministic constraints, includ-
ing:

• Self-referential requirements relate to mutable personal characteristics,
where a person’s willingness or ability to change them may depend on their
eligibility for funding. For example, one requirement for training allowance is
that a person ”will participate in one of the following measures...” and contin-
ues to list qualified educational measures - but whether a person is willing and
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able to participate in one of them may depend on the receipt of training al-
lowance. Thus, it circularly conditions eligibility on a criterion that may itself
depend on the outcome of eligibility assessment.

• Discretionary requirements grant administrative authorities a legally sanc-
tioned range of freedom in decision-making when determinative criteria are
absent [6]. For instance, funding for activation and professional integration
measures requires that ”the need for the benefit [is] determined in a discussion
with [the applicant’s] integration specialist” without detailing the rules guiding
that determination, which suggests that the specialist is granted discretionary
power. It should be noted that we use the term discretion in a descriptive
sense with respect to the given text corpus and do not account for possible
specifications in external legal sources.

We address both cases by excluding them from formalization with an R-flag. On
the one hand, this decision weakens the bindingness of the validation results in the
downstream application as some requirements are not being assessed. On the other
hand, they are grounded in pragmatic and ethical considerations.

We exclude self-referential requirements to avoid prematurely deeming users ineligi-
ble and thereby withholding information about potentially relevant benefits. This
approach is intuitive in the case cited above where the requirement concerns the
decision to engage in a funded program. However, identifying requirements as self-
referential entails subjective judgments about a user’s capacity or motivation to
change their circumstances. For example, that someone working two hours fewer
than required would be willing and able to adjust their schedule if they knew it
unlocked a benefit is theoretically possible, but considerably less clear in practice.
This reflects a trade-off between overwhelming users with conditional entitlements
and failing to inform them of easily attainable benefits. One way to navigate this
tension is by capturing users’ preferences and flexibility before eligibility validation,
as demonstrated in the current interaction flow in the FörderFunke prototype25.

One evident reason to exclude discretionary requirements is that it is practically
infeasible to formalize an outcome that is not conditioned on concrete criteria. How-
ever, even if approximating a formalization were possible by analyzing precedents
or external sources, its desirability is questionable. Discretion is essential in admin-
istrative law, preventing cases not foreseen by the legislature from paralyzing the

25https://foerderfunke.org/
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administration [6]. Furthermore, full automation may challenge Article 22 of the
General Data Protection Regulation (GDPR), which protects individuals from de-
cisions with legal or similarly significant effects made solely by automated systems
[33]. As the German Ethics Council notes, even systems intended to merely sup-
port decision-making risk undermining human agency and accountability because
humans are susceptible to automation bias, i.e. the tendency to defer unreservedly
to machine-generated recommendations [25]. Given that automated eligibility as-
sessment can also be used to support decisions about real applicants, we exclude
discretionary requirements not only for practical reasons but also out of a normative
commitment to safeguarding human judgment in individual case assessments.
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6 Prompting Experiments
The second phase of our research targets the potential of LLMs to automate the
Text2SHACL task. The goal is to build on the insights from the first part and
state-of-the-art (SOTA) language modeling to examine the feasibility of a scalable,
end-to-end system to perform Text2SHACL in the social benefits context.

6.1 Methodology

Figure 11: Overview of experimental setup.

We conduct three prompting experiments - Baseline (Base), Few-Shot (FS), and
Chain-of-Thought (CoT). For each experiment, we generate a prompt by automati-
cally populating a manually constructed template tailored to the respective prompt-
ing technique (Section 6.1.1). These prompts are used to invoke several LLMs, with
FS and CoT experiments using a subset (main models) from the initial model selec-
tion (base models) (Section 6.1.2).

For each successful model call, we attempt to extract valid Turtle output by first
locating candidate RDF content from fenced code blocks marked with ```turtle,
or from RDF indicators such as @prefix, @base, <http://, and PREFIX, and then
parsing the identified substring with rdflib26 to confirm syntactic validity. If valid
Turtle is produced, it is saved (SHACL Gen).

Finally, during evaluation we consider the logged metadata of each iteration and the
parsed output, if any, to assess performance on three groups of metrics: syntax con-
formance, graph matching, and validation performance (Section 6.1.3). An overview

26https://rdflib.readthedocs.io/en/stable/
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of this experimental setup is presented in Figure 11, with further implementation
details discussed in the following subsections.

Throughout this chapter, we refer to an experiment configuration as a specific com-
bination of prompting technique and LLM (e.g., FS + LLaMA 8B), a run as the
processing of the full dataset (i.e., 21 requirements texts) under a given configura-
tion, and an iteration as the processing of a single requirements text.

6.1.1 Prompt Construction

To construct the LLM prompts, we adapt the ZS, FS, and CoT prompting techniques
introduced in Section 2.2.2 to our use case. Figures 12 and 13 illustrate the prompt
templates employed in each experimental condition, with blue font highlighting vari-
able components that are dynamically populated at runtime.

Base. In the base experiment, we apply ZS prompting, providing only the minimal
information required to perform the Text2SHACL task. The template (Figure 12)
comprises three variable components:

1. The NL directive specifies the task objective and strict requirements for the
output format such as compliance with SHACL syntax, Turtle serialization,
and exclusive use of SHACL Core and the provided ontology.

2. The ontology, developed as detailed in Section 5.1.2, defines the vocabulary
over which the generated shapes graphs are constructed and applied. It is
serialized in Manchester Syntax [51] that closely resembles NL, to cater to the
NLP capabilities of LLMs.

3. The input consists of an original requirements text, enriched with the benefit
name and IDLB to enable the LLM to annotate shapes graphs consistent with
the human-authored ground truth. It is the only prompt component that
changes at each iteration.

Beginning with a human-authored task description, we iteratively refine the direc-
tive and prompt template, alternating between visual inspection of outputs and
LLM-assisted revisions, inspired by recent work that leverages LLMs for prompt op-
timization [122, 89]. These preliminary explorations focus on three test benefits and
are conducted using mistral-large-instruct, one of the base models.
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Figure 12: Base template. The prompt includes a
directive, the ontology as additional information,
and a requirements text as input. Blue font indi-
cates variable components.

Fewshot. In the FS experiment, we
modify the base template in two ways
(Figure 13). First, we add a section
for examples, each comprising a require-
ments text and its corresponding ground
truth shapes graph (Figure 13b). Sec-
ond, we revise the directive to reference
the examples, introducing only minimal
changes to the base phrasing in order to
isolate the effect of incorporating the FS
example. The effectiveness of the FS ap-
proach is highly dependent on the choice
of examples [70, 69], requiring careful
consideration of two key questions: (1)
how to define the pool of candidate ex-
amples, and (2) how to select the most
suitable examples from this pool. We address these challenges using K-Fold Cross-
Validation (KFCV) to dynamically construct the candidate set and embedding-based
retrieval for selection.

KFCV is widely used for estimating the out-of-sample performance of machine-
learning models [56]. The idea is to split the dataset into k approximately equal
subsets (folds), successively holding out one fold Dtest for evaluation and using the
remaining k–1 folds Dtrain to train the model, and finally averaging the evaluation
results across folds [3]. Algorithm 1 outlines our adaptation of this procedure for the
FS setting. Unlike traditional machine learning, it does not involve retraining the
LLM. Instead, Dtrain serves as the pool of candidate examples, while Dtest comprises
the prompt inputs [97]. This strategy makes full use of the limited dataset by eval-
uating all 21 instances and reduces sampling variance compared to a single static
split. In our implementation, we use k = 3.

Embedding-based retrieval draws on semantic similarity in an embedding space to
identify the most relevant examples for a given input, which has proven highly ef-
fective in prior work [36, 69]. Following this strategy, we compute input embed-
dings using the all-mpnet-base-v2 model [101], a transformer-based encoder that
maps sentences to 768-dimensional dense vectors. For each test input xi, we use
LangChain’s SemanticSimilarityExampleSelector class27 to retrieve the exam-

27https://python.langchain.com/api_reference/core/example_selectors/langchain_
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ples from Dtrain whose embeddings have the highest cosine similarity to that of xi.

Notation. Let xi ∈ X be a requirements text, yi ∈ Y the corresponding ground
truth shapes graph, k the number of folds, M an LLM that generates an output ŷ
given an input x and a set of examples E , and S(ŷ, y) a scoring function - representing
our evaluation framework (Section 6.1.3) - that compares ŷ against ground truth y.
Then:

Algorithm 1 k-fold cross-validation for fewshot prompting.
Require: D ← {(x1, y1), . . . , (xN , yN)}
Require: k ∈ Z+ such that k < N
Require: M : X × E → Ŷ
1: Randomly partition D into k disjoint subsets: D1, . . . , Dk

2: for i = 1 to k do
3: Dtest ← Di

4: Dtrain ← D \Di

5: for all x ∈ Dtest do
6: Embedding-based retrieval of E from Dtrain

7: Generate output ŷ ←M(x, E)
8: end for
9: end for
10: return Mean score over all predictions

1

|Ŷ |

|Ŷ |∑
j=1

S(ŷj, yj)

Chain-of-Thought. In the CoT experiment, we employ the same example retrieval
strategy as for FS but modify the example template to accommodate the demonstra-
tion of a step-by-step solution process (Figure 13c). CoT [118] and related prompting
techniques [123, 115] are based on the idea to emulate human cognition. Following
this approach, we re-use the methodology for manually performing Text2SHACL
presented in Section 5.1.2. Specifically, we decompose the thought process into three
steps: (1) translation of the original German text to English, with identification
of verbatim elements (benefit name and IDLB) intended for direct incorporation
into the output; (2) extraction and selection of individual constraints based on our
three-tier flagging system; and (3) conversion of the selected G and Y constraints to

core.example_selectors.semantic_similarity.SemanticSimilarityExampleSelector.
html#main-content
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SHACL. We populate the CoT example template with the correct solution, given an
example input, for each step.

Figure 13: FS and CoT templates. The FS and CoT prompts (a) extend the base templates with
tailored directives and one or more examples. A single FS example (b) provides an input–output
pair for SHACL generation, while a single CoT example (c) demonstrates step-by-step reasoning
from input text to SHACL output. Blue font indicates variable components.

For both FS and CoT, we restrict prompts to a single example to isolate the effect
of prompt type - direct input-output pairs versus reasoning-based demonstrations -
in our initial exploration of the task. Nonetheless, the system is designed to accom-
modate an arbitrary number of examples, presenting a potential direction for future
investigation.

All materials for prompt construction are available in the GitHub repository28, in-
28https://github.com/semantic-systems/text-to-SHACL.git
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cluding the ontology, experiment-specific directives and the complete prompt string
for each iteration.

6.1.2 Model Selection

The model selection is conducted in two steps, combining theoretical and empirical
considerations. First, we identify a set of candidate models for the base experiment
based on pre-defined selection criteria. Second, the three models demonstrating the
most promising performance in the base experiment are selected for further analysis.

Four principal considerations guide model selection in the first step. First, all de-
ployed models are required to be open-source in acknowledgment of the sensitive
personal data to be processed and the high level of accountability mandated in the
public sector. Second, we focus on instruction-tuned models to meet the demand for
strict adherence to the distinctive task description and output format. Third, given
the voluminous prompts including, among other components, a comprehensive ontol-
ogy for the entire dataset, large context window sizes were prioritized. Specifically,
all selected models support a context length of at least 128K tokens, with qwen-qwq-
32b (QwQ) extending this capability to 131K tokens [90]. Fourth, we purposefully
sample models with different optimization priorities, allowing us to empirically assess
their effect on task-specific performance in step two of the selection process.

To implement this strategy in practice, we source models from a range of LLMs
offered through the Chat AI platform. Chat AI is an independent service offered by
the Gesellschaft für wissenschaftliche Datenverarbeitung mbH Göttingen (GWDG)
that provides access to SOTA LLMs hosted on local high-performance computing
(HPC) systems. The service guarantees that data is neither stored nor used for
secondary purposes without explicit consent, making it a well-suited alternative to
commercial providers in terms of both computational and ethical requirements [29].
More technical details are available in the Chat AI documentation29.

As a result of the considerations outlined above, we select the following seven models
for the base experiment:

• llama-3.1-8b-instruct (Llama 8B): Released as part of Meta’s Llama 3
collection in July 2024 [30], this model represents the most computation-
ally efficient option in the selection and is well-suited for lower-resource en-
vironments. Available at: https://huggingface.co/meta-llama/Llama-3.

29https://docs.hpc.gwdg.de/services/chat-ai/
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1-8B-Instruct

• llama-3.3-70b-instruct (Llama 70B) and qwen-2.5-72b-instruct
(Qwen): Llama 70B [30] and Qwen [121] are selected as medium-scale models
with robust overall performance from two different providers. In particular,
Llama 70B allows isolating size-related effects relative to Llama 8B, whereas
Qwen stands out for having the most recent knowledge cutoff in this collec-
tion, together with QwQ, in September 2024 [40], possibly a relevant factor
given the relative novelty of the SHACL standard [64]. Available at: https:
//huggingface.co/meta-llama/Llama-3.3-70B-Instruct (Llama 70B) and
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct (Qwen)

• llama-3.1-sauerkrautlm-70b-instruct (Sauerkraut): VAGO Solution re-
leased this model based on Meta’s Llama 3.1 70B Instruct in August 2024 [110].
Selectively fine-tuned on German-English data using the Spectrum approach,
Sauerkraut was chosen for its German-language capabilities that may offer an
edge when processing German administrative texts. Available at: https://
huggingface.co/VAGOsolutions/Llama-3.1-SauerkrautLM-70b-Instruct

• mistral-large-instruct (Mistral): Scaling train-time compute, including
model size, has dominated advancements in LLMs for years [48, 61]. In com-
bination with SOTA performance on code and reasoning benchmarks, this
motivated the choice of Mistral, one of the largest available models via Chat
AI at the time of writing with 123B parameters [40]. Introduced by theMis-
tralAI Team in July 2024 [77], it is available at: https://huggingface.co/
mistralai/Mistral-Large-Instruct-2407.

• qwen-qwq-32b (QwQ) and deepseek-r1-distill-llama-70b (DeepSeek):
The January 2025 release of DeepSeek R1 highlighted the potential of reinforce-
ment learning to enhance LLM performance on complex reasoning tasks [22].
To address slow inference and timeout issues with the 671B-parameter flag-
ship, we select a smaller and more efficient version from the suite of Dis-
till models fine-tuned on the reasoning-oriented dataset originally developed
for DeepSeek R1. Based on Llama 70B that is also included in this selec-
tion, it outperforms other Distill variants on most benchmarks and isolates
the effects of reasoning fine-tuning. Additionally, we evaluate QwQ [90],
which is based on Qwen 2.5 and demonstrates the effectiveness of reinforce-
ment learning and tool-based rewards even for a considerably smaller, 32B-
parameter model. This facilitates controlled assessment of the imminent
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impact of reinforcement learning without the intermediary support of rea-
soning fine-tuning. Available at: https://huggingface.co/deepseek-ai/
DeepSeek-R1-Distill-Llama-70B (DeepSeek) and https://huggingface.
co/Qwen/QwQ-32B (QwQ)

After the base experiments, we retained Sauerkraut and Mistral, which demonstrate
the strongest syntactic abilities and consistently rank among the top-three models
across all metrics, as well as QwQ, notable for its robust validation performance,
as main models in the FS and CoT experiments. The selection and all results are
detailed in Section 6.2.

6.1.3 Evaluation

From the task description (Section 4), we derive two core criteria for evaluating
a successful Text2SHACL system: syntax conformance and semantic consistency.
Syntax conformance requires that the system’s output adheres to the SHACL syntax
rules. To distinguish general RDF serialization capabilities from SHACL-specific
syntactic correctness, we separately evaluate Turtle Syntax Conformance (TSC) and
SHACL Syntax Conformance (SSC). Semantic consistency evaluates whether the
generated shapes graph faithfully encodes all constraints from the input text that
can be expressed with the provided ontology. This reflects a conceptual shift in
this thesis: whereas manual generation permitted ontology evolution, automated
generation relies on a fixed ontology to provide additional guidance to the LLM
regarding which constraints to include.

To evaluate semantic consistency, we employ two complementary approaches. First,
we measure the similarity between the generated shapes graphs and the gold
graphs using established graph matching techniques, including Graph Edit Distance
(GED), G-BERTScore (G-BS), and the triple-level metrics Triple-F1 (T-F1), Triple-
Precision (T-P), Triple-Recall (T-R) [41, 46, 94]. Second, we propose assessing vali-
dation performance by comparing how a generated and a ground truth shapes graph
validate a common set of relevant data graphs, which yields Validation-F1 (V-F1),
Validation-Precision (V-P), Validation-Recall (V-R), and Validation-Accuracy (V-
Acc).

Following, we formally define the metrics used to quantify syntax conformance and
semantic consistency, and describe their practical implementation. Turtle Syntax
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Conformance (TSC). TSC measures the proportion of outputs that produce well-
formed Turtle documents within a given experiment run. Let n denote the total
number of outputs, and let ti ∈ {0, 1} indicate whether the i-th output is valid
Turtle. Then:

TSC =
1

n

n∑
i=1

ti

To determine ti, we assess parsability with rdflib30 as described in Section 6.1.

SHACL Syntax Conformance (SSC). SSC measures the proportion of outputs
that are well-formed SHACL documents within a given experiment run. Let si ∈
{0, 1} indicate whether the i-th output is valid under SHACL syntax. Then:

SSC =
1

n

n∑
i=1

si

If ti = 0, then si is automatically set to 0. Otherwise, we re-use our approach from
the manual shapes graph generation based on pySHACL’s31 meta-shacl feature
(Section 5.1.3) to determine adherence to SHACL Core syntax rules.

Graph Edit Distance (GED). GED quantifies the structural similarity between a
generated shapes graph Ggen and a reference Ggold by computing the minimum cost
of transforming Ggen into a graph isomorphic to Ggold [1]. It is widely used in the
evaluation of LLM-generated knowledge graphs [94, 46, 41].

Let γ(Ggen, Ggold) denote the set of all possible edit sequences to transform Ggen into
Ggold, and let c(ei) be the cost of edit operation ei, i.e., the insertion, deletion, or
substitution of a node or edge. Then, we adopt the following formalization from
Abu-Aisheh et al. [1]:

GED(Ggen, Ggold) = min
e1,...,ek∈γ(Ggen,Ggold)

k∑
i=1

c(ei)

30https://rdflib.readthedocs.io/en/stable/
31https://pypi.org/project/pyshacl/0.9.5/
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To ensure comparability across graphs, we normalize GED to the interval [0, 1] by
dividing a graph-specific upper bound, defined as the number of edits required to
delete all nodes and edges from Ggen and insert all nodes and edges from Ggold [94,
46, 41]. GED = 0 indicates that the two graphs are isomorphic, while GED = 1
indicates maximal dissimilarity.

In practice, we use the graph_edit_distance function from the NetworkX pack-
age32, which implements the exact algorithm by Abu-Aisheh et al. [1]. As in previous
work [94, 46, 41], we set ei = 1 for all edit operations. However, unlike these studies
we introduce a timeout of 120 seconds to ensure computational feasibility given our
large gold graphs with up to 165 triples, which compares to a maximum of 7 triples
in the WebNLG+2020 [37] dataset used by Han et al. [46] and Ghanem and Cruz
[41] and a reported average of 4 edges per graph in the custom dataset by Saha
et al. [94]. Exploratory experiments indicate that extending the timeout to up to 10
minutes does not result in noticeable improvements (Appendix A).

Triple-Match. To account for the preservation of specific statements in addition
to structural similarity, we compute Triple-Match metrics based on the exact match
between RDF triples in Ggen and Ggold. Following previous work, we treat the prob-
lem as a multi-label classification task, where each unique triple across both graphs
represents a label, and each graph a label set [41, 46]. Then, we compute precision
(T-P), recall (T-R), and F1 score (T-F1) using the standard definitions, assuming:

• True Positives (TP): A label is present in both, Ggen and Ggold

• False Positives (FP): A label is present in Ggen, while absent in Ggold

• False Negatives (FN): A label is absent in Ggen, while present in Ggold

In practice, we normalize all triples by lower-casing, trimming whitespace, and stan-
dardizing blank nodes to the form _:blank. The resulting generated and gold graphs
are encoded as indicator vectors over the set of all unique normalized triples using
scikit-learn’s33 MultiLabelBinarizer class, and precision, recall, and F1 score are
computed via the corresponding scikit-learn functions.

G-BERTScore (G-BS). BERTScore measures the semantic similarity between two
32https://networkx.org/documentation/stable/reference/algorithms/generated/

networkx.algorithms.similarity.graph_edit_distance.html
33https://scikit-learn.org/stable/index.html
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text sequences using contextual embeddings derived from a transformer-based model,
and is commonly used ([108, 99, 78], i.a.) because it overcomes limitations of string-
based metrics by robustly handling paraphrasing and long-range dependencies [27].
Given a reference sequence and a candidate, it computes the maximum pairwise
cosine similarity between token embeddings, produced with the transformer-based
encoder BERT [27], to estimate recall and precision, with the F1 score defined as
their harmonic mean [125]. To adapt this token-level metric to graphs, Saha et al.
[94] propose treating each RDF triple as a sentence, and computing G-BS in three
steps:

1. Compute BERTScore F1 for all gold–generated triple pairs.

2. Solve a linear assignment problem to find the mapping between gold and gen-
erated triples that maximizes the total BERTScore.

3. Compute precision G-BSP and recall G-BSR based on the optimal assignment
and report F1 as the final G-BS.

Formally, let S ∈ [0, 1]m×n be the BERTScore matrix between the gold triples
m = |Ggold| and generated triples n = |Ggen|. Let A ⊆ {(i, j)} denote the opti-
mal assignment that maximizes the total BERTScore.

A = arg max
A′

∑
(i,j)∈A′

Sij

Then, G-BS is defined as:

G-BSP =
1

n

∑
(i,j)∈A

Sij, G-BSR =
1

m

∑
(i,j)∈A

Sij, G-BS =
2 ·G-BSP ·G-BSR

G-BSP + G-BSR

In line with prior work [46, 41, 94], we compute BERTScores using the official Python
package34 with the default RoBERTa-large model [71]. To solve the linear sum
assignment problem, we use SciPy’s implementation35, which supports rectangular
cost matrices, which we are likely to incur given that we do not fix the size of the
generated graphs.

Validation Performance. To evaluate the semantic adequacy of the generated
shapes graph Ggen from a functional perspective, we propose a set of metrics that

34https://pypi.org/project/bert-score/
35https://docs.scipy.org/doc/scipy/index.html

50

https://pypi.org/project/bert-score/
https://docs.scipy.org/doc/scipy/index.html


6.1 Methodology

compares validation output of Ggen and Ggold. Given a set of RDF data graphs
D = {D1, . . . , DN}, each graph Di ∈ D is validated against the generated and the
reference shapes graph. Based on the binary outcome, we define:

• TP: Di conforms to both Ggen and Ggold

• True Negatives (TN): Di conforms to neither Ggen nor Ggold

• FP: Di conforms to Ggen, but not to Ggold

• FN: Di conforms to Ggold, but not to Ggen

Based on these labels, we compute precision (V-P), recall (V-R), accuracy (V-Acc),
and F1 score (V-F1) using standard definitions implemented in scikit-learn36.

Note that the validity of this evaluation depends critically on the representativeness
of the data graphs D, which should ideally include diverse and challenging positive
and negative validation cases. To this end, we leverage the synthetic user profiles
constructed for evaluating manually created shapes graphs (Section 5.1.3), and com-
pute the validation metrics over the full set of profiles.

To obtain the semantic consistency metrics for an entire experiment run, we aver-
age over the results of all outputs. Unless indicated otherwise, we set all semantic
consistency metrics to their worst possible value if an output is no valid Turtle; if it
is valid Turtle, but no valid SHACL, we set the validation performance metrics to
their worst value and compute the graph matching metrics.

To produce more reliable results in light of the non-deterministic nature of LLMs, we
run each experiment configuration three times, and report the mean and standard
deviation (SD) across all runs. The only exception is Qwen, where one run is omitted
because it resulted in consistent timeouts, and the exact model version was no longer
accessible via the GWDG API during re-runs.

36https://scikit-learn.org/stable/index.html
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6.2 Results
6.2.1 Base

Syntax Conformance. Figure 14 summarizes syntax conformance in the base
experiment. Mistral and Sauerkraut clearly outperform all other models on both TSC
and SSC. For Turtle, performance declines significantly from Mistral to Sauerkraut to
Llama 70B, after which TSC scores fall below 0.50. Across all models, a consistent
drop from TSC to SSC highlights the increased syntactic complexity of SHACL
compared to general RDF; even Mistral reaches only 0.64 on SSC, maintaining a
lead of 0.13 over Sauerkraut. The performance gap to the mid-field models, Llama
70B and Qwen, is similarly large but not statistically significant due to their high
SD - particularly in the case of Qwen, where results are averaged over only two runs.
QwQ follows at an intermediate position, while Llama 8B and DeepSeek trail notably
with scores around 0.14.

Figure 14: Baseline syntax conformance by model. Y-axis: Turtle Syntax Conformance and SHACL
Syntax Conformance. X-axis: Model.

Those results indicate that LLMs frequently generate ill-formed SHACL shapes.
Since these models are known to be susceptible to hallucination [52], we hypoth-
esize that invented SHACL terms that superficially conform to RDF syntax but lack
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grounding in the official SHACL vocabulary37, might contribute to the observed syn-
tactic failures. Although the meta shapes graph does not explicitly flag neologisms
within the SHACL namespace, it may penalize the use of unknown terms indirectly,
because the structural constraints naturally draw on the existing vocabulary. An
analysis of the proportion of generated sh terms not belonging to SHACL Core (Ap-
pendix C) reveals that DeepSeek and Llama 8B are most inventive, with ≈ 14%,
consistent with their poor syntax performance. However, for all other models the
rate is negligible (< 4%). Thus, while hallucination may be a contributing factor in
the weakest models, it does not provide a comprehensive explanation for the observed
syntactic failures.

To analyze the syntax failures in greater detail, Figure 15 presents an error analysis
based on the distribution of source shapes in the validation reports. A source shape
indicates the shape in the meta shapes graph that a given focus node in the generated
shapes graph failed to satisfy [64]. Intuitively, each source shape corresponds to a
type of syntax error. To reduce complexity, we focus on top-level errors, excluding
nested violations that arise from shapes referencing other shapes through parame-
ters like sh:node or sh:or. 17 distinct top-level source shapes are observed, with
Figure 15 illustrating the average proportion of each error across all types, ordered
from most (E01) to least (E17) frequent. We now examine the two most common
error types across models in detail; definitions and illustrative examples of the ten
most common ones are provided in Appendix B.

E01 occurs when a property shape does not have the property sh:path exactly
once or its value is not a well-formed sh:PathShape or sh:IRI. Extracting the NL
messages associated with this error type from the validation report reveals three
distinct ways in which E01 is triggerd: (1) the absence of a sh:path property, (2)
the presence of multiple sh:path properties, or (3) the node referenced by sh:path
is not well-formed. Among those, (1) is the most common. An example is the shapes
graph in Listing 3, generated by DeepSeek for the benefit Funding for activation and
professional integration measures. Here, another term from the SHACL vocabulary,
sh:predicate, is used instead of sh:path.

E02 indicates a violation of the disjointness between well-formed node shapes and
property shapes, as defined in the SHACL specification [64]. For example, List-
ing 4, generated by DeepSeek, demonstrates a shape that is neither a valid node
shape, due to the presence of sh:path, nor a valid property shape, due to multiple

37https://www.w3.org/ns/shacl.ttl
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Figure 15: Heatmap of relative source shape frequency in the base experiment. Y-axis: Model.
X-axis: Top-level source shapes. Values indicate the proportion of validation reports generated by
a given source shape from the meta shapes graph, averaged over all base runs for each model.
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values for sh:path (lines 12-15). Using object properties ff:deceasedSpouse and
ff:deceasedCivilPartner to represent Statutory accident insurance pension com-
pensation in this example appears plausible, suggesting that the LLM successfully
picks up semantic cues from the text and ontology, but struggles with the SHACL
format.

1 @prefix ff: <https://foerderfunke.org/default#> .
2 @prefix sh: <http://www.w3.org/ns/shacl#> .
3
4 ff:User
5 a sh:Shape ;
6 sh:property [
7 sh:predicate ff:receivesBenefit ;
8 sh:hasValue ff:B100019_LB_102716305 ;
9 ] ;
10 sh:property [
11 sh:predicate ff:needsCare ;
12 sh:class ff:CareNeed ;
13 ] .

Listing 3: Generated shapes graph with SHACL syntax error E01.

1 @prefix ff: <https://foerderfunke.org/default#> .
2 @prefix sh: <http://www.w3.org/ns/shacl#> .
3
4 ff:UserShape a sh:NodeShape ;
5 sh:targetClass ff:User ;
6 sh:property [
7 sh:path ff:isEligibleFor ;
8 sh:hasValue ff:B100019_LB_102799525 ;
9 ] , [
10 sh:path ff:hasMaritalStatus ;
11 sh:hasValue ff:Married , ff:CivilUnion ;
12 ] , [
13 sh:path ff:deceasedSpouse , ff:deceasedCivilPartner ;
14 sh:hasValue [] ;
15 ] .

Listing 4: Generated shapes graph with SHACL syntax error E02.

Notably, Llama 8B exhibits a distinct error profile, with an overwhelming focus on
E03, which is rarely to never produced by other models. It characterizes a viola-
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tion of the rule that sh:nodeKind may have at most one value, which must be one
of the listed SHACL node kinds. The error messages reveal that E03 is predom-
inantly caused by the use of non-existing SHACL terms, such as sh:NodeTest or
sh:Resource, supporting our earlier conclusion that for this specific model, hallu-
cination of SHACL terms may be a relevant factor in syntax failures. While E03
is a peculiarity of Llama 8B, almost half of all identified error types involve node
kind restrictions to sh:IRI, indicating a tendency to incorrectly assign blank nodes
or literals across models.

Semantic Consistency. Table 4 summarizes semantic consistency results for all
models in the base experiment, juxtaposing an assessment over all iterations (Ta-
ble 4a) with an assessment over well-formed SHACL output only (Table 4b), thereby
isolating semantic consistency from syntactic failures. Sauerkraut and Mistral, which
excel in syntax conformance, predictably maintain leading positions across most met-
rics under the full evaluation. However, when focusing on Table 4b, Qwen and QwQ
demonstrate superior performance over the other models on most metrics, indicat-
ing that despite frequent syntactic failures, their valid outputs more closely match
the ground truth. Overall, performance differences narrow in the syntax-filtered
evaluation - except for validation performance, discussed below - and all models ex-
cept Llama 70B place second at least once, resulting in a less definitive performance
hierarchy than in the previous evaluations.

Examining Table 4a in greater detail, the consistently high GED scores - never
below 0.57 - and low Triple Match scores - never above 0.30 - demonstrate that the
generated shapes graphs differ considerably from the topology and composition of
the gold graphs across models. Nonetheless, the comparatively high G-BS scores
suggest partial alignment in contextual embeddings, particularly for Mistral and
Sauerkraut. This may be attributable to the use of contextually relevant terminology
from the provided ontology, consistent with our earlier observation that even ill-
formed generated SHACL shapes employ vocabulary appropriate to the given benefit
(Listing 4).

Validation performance scores in both tables indicate that the generated shapes
graphs not only diverge substantially from the human-generated gold standards, but
also perform poorly in functional terms, with V-F1 consistently remaining below 0.1.
This result is primarily due to low V-P scores, whereas V-R is higher across nearly
all models, reaching as much as 1.00 in the case of Qwen (Table 4b).

The sole exception to this trend is QwQ, which exhibits a more balanced relationship
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between V-P and V-R. Moreover, it outperforms all other models on V-F1, V-P, and
V-Acc, which is remarkable for two reasons. First, QwQ’s superior performance
even in the full evaluation setting (Table 4a) means that its validation abilities are
sufficiently strong to compensate for its poor syntax performance. Without the effect
of syntax failures (Table 4b), QwQ further extends its lead, especially on V-Acc where
it surpasses its nearest competitor, Sauerkraut, by nearly 0.80. Second, QwQ’s high
GED score indicates that it generates the shapes graphs with the greatest structural
divergence from the ground truth. Its elevated validation performance despite this
divergence demonstrates SHACL’s tolerance for syntactic variation and reinforces
the necessity of employing functional metrics alongside morphological metrics when
evaluating Text2SHACL systems.

The predominant pattern - high V-R, and low V-P - indicates that the SHACL
validation produces few FN, leading to high recall, and many FP, resulting in low
precision. Based on a manual inspection of a random subset of outputs, we hypoth-
esize that imprecise target declarations may cause those results. Specifically, we
observe that the generated shapes graphs repeatedly fail to declare the main target
node ff:User, instead including no target definition (e.g., Listing 3) or declaring a
target class (e.g., Listing 4). Consequently, these shapes may generate no focus nodes
within the data graph, resulting in trivial conformance and explaining the low num-
ber of FN. Additionally, we anticipate a substantial bias towards non-conformance in
the ground truth dataset, as validation metrics are computed across all data graphs,
thereby diminishing the proportion of profiles specifically designed to conform to a
given shapes graph. This negative bias in the data would explain the high number
of FP for a system that predicts mostly positive instances.

To investigate this hypothesis, Figure 16 presents the proportion of generated shapes
graphs that correctly declare the target node ff:User, alongside V-R and V-P scores.
For clarity, we focus on a subset of three models, including the outlier model (QwQ)
as well as the model exhibiting the clearest instance of the general pattern (Mistral).
Two clear patterns emerge from the base experiment: On the one hand, QwQ, which
achieves the most balanced V-P and V-R, produces the ff:User target node most
reliably, with a significant lead of more than 0.75 over the other models. On the
other hand, the models with high V-R and low V-P rarely (Sauerkraut) or never
(Mistral) declare the correct target node. Appendix D confirms that the remaining
models follow the same trend.

These observations support the hypothesis that imprecise target declarations con-
tribute to the significant discrepancy between V-R and V-P, as well as the gener-
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Table 4: Baseline performance by model. Metrics include Graph Edit Distance (GED), G-
BERTScore (G-BS), Triple Match Precision, Recall, and F1 (T-P, T-R, T-F1), and Validation
Precision, Recall, F1, and Accuracy (V-P, V-R, V-F1, V-Acc). Bold indicates the best score per
model, underlined second best.

(a) Evaluation on all outputs, invalid syntax is penalized with worst scores.

Model
x

GED
↓

G-BS
↑

T-F1
↑

T-P
↑

T-R
↑

V-F1
↑

V-P
↑

V-R
↑

V-Acc
↑

Llama 8b 0.874
±0.029

0.215
±0.053

0.035
±0.008

0.045
±0.016

0.032
±0.009

0.006
±0.003

0.003
±0.002

0.122
±0.060

0.010
±0.013

Sauerkraut 0.674
±0.015

0.565
±0.051

0.164
±0.022

0.193
±0.014

0.150
±0.027

0.014
±0.004

0.007
±0.002

0.413
±0.099

0.071
±0.024

Llama 70b 0.761
±0.045

0.372
±0.052

0.115
±0.004

0.165
±0.006

0.095
±0.004

0.010
±0.006

0.005
±0.003

0.302
±0.192

0.005
±0.003

Mistral 0.577
±0.025

0.649
±0.024

0.243
±0.003

0.298
±0.006

0.215
±0.008

0.020
±0.002

0.010
±0.001

0.603
±0.028

0.011
±0.002

Qwen* 0.794
±0.162

0.348
±0.269

0.121
±0.086

0.140
±0.098

0.112
±0.081

0.012
±0.010

0.006
±0.005

0.357
±0.303

0.009
±0.009

QwQ 0.798
±0.055

0.290
±0.082

0.120
±0.050

0.151
±0.055

0.106
±0.048

0.024
±0.021

0.020
±0.018

0.044
±0.048

0.220
±0.054

Deepseek 0.796
±0.075

0.308
±0.084

0.094
±0.023

0.136
±0.034

0.073
±0.018

0.004
±0.003

0.002
±0.002

0.095
±0.082

0.002
±0.002

(b) Evaluation on outputs with well-formed SHACL only.

Model GED G-BS T-F1 T-P T-R V-F1 V-P V-R V-Acc

Llama 8b 0.577
±0.163

0.718
±0.165

0.099
±0.041

0.147
±0.074

0.078
±0.028

0.039
±0.014

0.020
±0.007

0.852
±0.257

0.068
±0.089

Sauerkraut 0.555
±0.021

0.745
±0.037

0.220
±0.016

0.258
±0.015

0.203
±0.021

0.027
±0.004

0.014
±0.002

0.807
±0.098

0.147
±0.074

Llama 70b 0.604
±0.021

0.611
±0.029

0.232
±0.054

0.342
±0.078

0.190
±0.042

0.030
±0.002

0.016
±0.001

0.847
±0.168

0.016
±0.001

Mistral 0.525
±0.024

0.703
±0.016

0.273
±0.025

0.337
±0.040

0.244
±0.015

0.032
±0.004

0.016
±0.002

0.956
±0.077

0.018
±0.001

Qwen* 0.520
±0.013

0.818
±0.016

0.286
±0.021

0.335
±0.025

0.260
±0.016

0.034
±0.001

0.018
±0.001

1.000
±0.000

0.022
±0.006

QwQ 0.481
±0.040

0.690
±0.039

0.281
±0.073

0.382
±0.076

0.237
±0.077

0.095
±0.086

0.080
±0.073

0.162
±0.147

0.942
±0.082

Deepseek 0.608
±0.036

0.699
±0.210

0.238
±0.062

0.363
±0.056

0.180
±0.057

0.018
±0.017

0.009
±0.009

0.500
±0.433

0.009
±0.009

*Third run omitted due to frequent request timeouts.
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ally poor validation performance observed across most models. Furthermore, they
demonstrate that QwQ generates the most active shapes graphs with respect to the
dataset, generating conditions that effectively lead to non-conformance. Nonethe-
less, its results remain sobering in absolute terms - with a low V-F1, suggesting that
the generated constraints often still diverge from the ground truth.

Promisingly, Figure 16 suggests that the FS and CoT improve this situation. They
exhibit near-perfect to perfect target definitions across models, and narrow the gap
between V-P and V-R. The subsequent sections will further explore the performance
over different prompts, after deriving our selection of three main models from the
base results.

Figure 16: Heatmap of target definitions for different experiment configurations. Juxtaposes average
proportion of generated shapes graphs declaring the target node ff:User (a), validation recall (b),
and validation precision (c). Y-axis: Model. X-axis: Experiment, including baseline (base), fewshot
(FS), and Chain-of-Thought (CoT). Results are averaged over well-formed shapes graphs only.

Main Models. Based on both syntax conformance and semantic consistency results,
we retain three LLMs for further analysis. First and second, Mistral and Sauerkraut
are selected for consistently outperforming the other models on the syntax metrics
as well as most semantic metrics. While their performance advantage on semantic
consistency diminishes when considering only syntactically valid outputs, they re-
main the most promising candidates given the Text2SHACL task definition, which
requires the generation of well-formed SHACL (Section 4). Third, we retain QwQ
due to its exceptional validation performance. We deem this metric particularly
important because it operationalizes the core task requirement that the generated
shapes graphs must correctly distinguish between conforming and non-conforming
data graphs with respect to the constraints expressed in the input text.
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6.2.2 Fewshot and Chain-of-Thought

Figure 17: SHACL Syntax conformance in different experiments. Y-axis: Proportion of outputs
with well-formed SHACL. X-axis: Model.

Syntax Conformance. Figure 17 presents SSC scores across experiments for each
main model. The performance ranking remains consistent, with Mistral achieving the
highest scores, followed by Sauerkraut and QwQ under all prompts. While the base
prompt yields the lowest proportion of well-formed SHACL output across models,
the impact of FS and CoT prompting is not consistent. Mistral and Sauerkraut
show their largest gains with the FS prompt, while CoT has minimal impact. In the
case of Sauerkraut, it even induces a slight decline of SSC, though the reduced SD
also indicates more stable results. By contrast, QwQ demonstrates a distinct trend:
FS has negligible effect, but CoT yields the largest improvement observed across all
conditions, with SSC increasing from 0.25 to 0.52. This suggests that QwQ, with
its reasoning-oriented training objective, utilizes the reasoning trajectory provided
in the CoT prompt most efficiently.

Semantic Consistency. To assess the impact of prompting techniques on semantic
consistency, Table 5 reports performance relative to the base prompt. Across nearly
all metrics, all models benefit from both FS and CoT prompts. The only exception
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is V-R, which declines under both FS and, to a lesser extent, CoT for Sauerkraut
and Mistral. Despite this, other validation metrics improve markedly, particularly
V-Acc with gains of up to 0.53 for Sauerkraut (FS) and even 0.74 for Mistral (CoT).

These results indicate convergence between V-P and V-R for both models, accompa-
nied by overall increases in V-F1 and V-Acc, reflecting a shift toward the performance
pattern exhibited by QwQ in the base experiment. As shown in Figure 15, this devel-
opment under FS and CoT coincides with a substantial increase in correctly declared
target nodes. Given the concurrent drop in V-R, this suggests that while FS and
CoT examples guide models toward shape graphs that generate focus nodes more ef-
fectively, shapes continue to diverge semantically from the ground truth and produce
not only more TN but also FN on the negatively skewed dataset.

Regarding graph matching metrics, the positive trend relative to the base experiment
is consistent across models, albeit with model-specific variation that mirrors how FS
and CoT impacts SSC. Specifically, Sauerkraut achieves the largest gains with the FS
prompt rather than CoT across most metrics, except for GED, where improvements
remain modest. In contrast, Mistral benefits most from CoT, though the margin over
FS is limited. Finally, in the case of QwQ, CoT consistently induces substantially
larger performance gains than FS across all metrics. It is the only model to attain
a significant gain on GED and enhance consistently across all metrics, including V-
R, highlighting its efficient use of CoT examples to approximate the ground truth
graphs more closely, both structurally and semantically.

Nonetheless, QwQ’s consistent gains must be interpreted in light of its comparatively
low baseline performance. For instance, its base V-R score was below 0.05, putting a
gain of 0.25 into perspective. To account for this, we also identify the best-performing
prompt configuration in absolute terms for each model, as reported in Table 6.

Before turning to these results, we derive our choice of the ”best” prompt per model.
For Mistral and QwQ the outcome we select CoT, since both models consistently at-
tain the highest gains relative to base on syntax conformance and nearly all semantic
consistency metrics. The sole exception is V-R for Mistral, but this does not offset
the other gains in validation performance.For Sauerkraut, the choice between FS and
CoT is less clear-cut, as both perform comparably across many metrics. Neverthe-
less, we consider CoT the more favorable setting due to its stronger improvement
in V-F1, which we view as particularly indicative of downstream utility, given the
functional demands of the Text2SHACL task.
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Table 5: Fewshot (FS) and chain-of-thought (CoT) performance relative to baseline (base). Each
sub-table correspond to one model. Metrics include Graph Edit Distance (GED), G-BERTScore
(G-BS), Triple Match Precision, Recall, and F1 (T-P, T-R, T-F1), and Validation Precision, Recall,
F1, and Accuracy (V-P, V-R, V-F1, V-Acc). Bold indicates the best score per model.

(a) Sauerkraut

Prompt
x

GED
↓

G-BS
↑

T-F1
↑

T-P
↑

T-R
↑

V-F1
↑

V-P
↑

V-R
↑

V-Acc
↑

Base
± 1SD

+0.674
+±0.015

+0.565
+±0.051

+0.164
+±0.022

+0.193
+±0.014

+0.150
+±0.027

+0.014
+±0.004

+0.007
+±0.002

+0.413
+±0.099

+0.071
+±0.024

△ FS
△ SD

−0.062
+0.032

+0.105
+0.034

+0.285
+0.029

+0.270
+0.039

+0.307
+0.024

+0.067
+0.025

+0.073
+0.026

−0.305
-0.047

+0.527
+0.148

△ CoT
△ SD

−0.076
+0.002

+0.084
-0.031

+0.271
-0.011

+0.261
-0.002

+0.281
-0.016

+0.214
+0.021

+0.220
+0.022

−0.182
-0.072

+0.516
-0.001

(b) Mistral

Prompt GED G-BS T-F1 T-P T-R V-F1 V-P V-R V-Acc

Base
± 1SD

+0.577
+±0.025

+0.649
+±0.024

+0.243
+±0.003

+0.298
+±0.006

+0.215
+±0.008

+0.020
+±0.002

+0.010
+±0.001

+0.603
+±0.028

+0.011
+±0.002

△ FS
△ SD

−0.024
+0.002

+0.057
+0.027

+0.251
+0.046

+0.236
+0.045

+0.262
+0.034

+0.176
+0.044

+0.197
+0.052

−0.379
-0.004

+0.695
+0.091

△ CoT
△ SD

−0.049
+0.010

+0.072
+0.022

+0.286
+0.015

+0.306
+0.003

+0.272
+0.012

+0.312
+0.047

+0.336
+0.038

−0.251
+0.055

+0.740
+0.048

(c) QwQ

Prompt GED G-BS T-F1 T-P T-R V-F1 V-P V-R V-Acc

Base
± 1SD

+0.798
+±0.055

+0.290
+±0.082

+0.120
+±0.050

+0.151
+±0.055

+0.106
+±0.048

+0.024
+±0.021

+0.020
+±0.018

+0.044
+±0.048

+0.220
+±0.054

△ FS
△ SD

−0.046
-0.022

+0.133
-0.041

+0.196
-0.003

+0.186
-0.010

+0.202
+0.006

+0.097
+0.003

+0.098
+0.006

+0.083
-0.020

+0.016
-0.006

△ CoT
△ SD

−0.131
-0.032

+0.232
-0.056

+0.280
-0.014

+0.287
-0.022

+0.271
-0.012

+0.243
+0.009

+0.238
+0.012

+0.246
-0.008

+0.299
+0.041

Based on these criteria, all models perform best with the CoT prompt. Table 6
demonstrates that Mistral consistently achieves the strongest results across metrics
in this setting, reaffirming its leading position throughout all experiments evident
from Table 9 in Appendix E. This indicates that it not only contains particularly
rich knowledge about the SHACL standard based on its training, but also effectively
leverages demonstrations at inference-time to further approximate the intended out-
put.
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Nonetheless, its peak V-F1 of 0.33 still suggests substantial room for improvement
in producing effective shapes with LLMs. While Sauerkraut ranks second in graph
matching metrics, QwQ surpasses it in terms of V-F1. This divergence underscores
that structural alignment with a reference graph is not the only way to succeed at
the Text2SHACL task, because the set of appropriate SHACL shapes graphs may
be diverse.

Table 6: Best prompt per model. Metrics include Graph Edit Distance (GED), G-BERTScore (G-
BS), Triple Match Precision, Recall, and F1 (T-P, T-R, T-F1), and Validation Precision, Recall,
F1, and Accuracy (V-P, V-R, V-F1, V-Acc). Bold highlights best model, underlined is second best.

Model
x

Prompt
x

GED
↓

G-BS
↑

T-F1
↑

T-P
↑

T-R
↑

V-F1
↑

V-P
↑

V-R
↑

V-Acc
↑

Sauer-
kraut CoT 0.598

±0.018
0.649
±0.020

0.435
±0.011

0.454
±0.012

0.431
±0.011

0.228
±0.025

0.227
±0.024

0.230
±0.027

0.588
±0.023

Mistral CoT 0.528
±0.035

0.721
±0.046

0.529
±0.018

0.605
±0.010

0.487
±0.020

0.333
±0.048

0.346
±0.039

0.352
±0.083

0.751
±0.050

QwQ CoT 0.668
±0.023

0.522
±0.026

0.400
±0.036

0.438
±0.034

0.377
±0.036

0.267
±0.030

0.258
±0.029

0.290
±0.040

0.519
±0.095

6.3 Discussion
We structure the discussion of our third research question - how do different prompt-
ing techniques affect the syntactic and semantic quality of SHACL shapes graphs
automatically generated by LLMs from eligibility requirement texts? - in two parts:
first syntax, then semantics. For each, we begin by establishing the base performance
with minimal guidance and then discuss the main observed effects of FS and CoT
prompting.

Syntactic Conformance. In the base experiment, we observe substantial perfor-
mance differences between individual models on both Turtle and SHACL syntax,
with Mistral emerging as the most effective across the board. As the largest model
under evaluation, its parameters appear to capture more extensive knowledge of
RDF and SHACL and be better equipped to follow formal output constraints even
in the absence of guiding examples. Nonetheless, a notable discrepancy among mod-
els sharing the Llama 70B backbone, including Sauerkraut, DeepSeek, and Llama
70B, highlights the influence of different fine-tuning strategies in addition to size. In
particular, the reasoning-focused objective used in DeepSeek appears to come at the
cost of syntactic reliability.
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Overall, SHACL proves substantially more challenging than plain RDF. This may be
due to its inherently more restrictive and complex structure, as well as the greater
prevalence of RDF in pre-training data, given its earlier standardization in 1999 [119]
and its foundational role in various Semantic Web standards (Section 2.1).

The results further highlight that the most frequent reasons for syntactic failures
relate to assigning invalid property values - particularly when sh:IRI is required -
and constructing ill-formed property shapes. For example, we observe the confusion
of sh:path with sh:predicate. On the one hand, this demonstrates familiarity with
SHACL vocabulary, which includes sh:predicate as well as RDF graphs, where
”path” and ”predicate” are closely related concepts. On the other hand, these terms
are not used as defined by SHACL, highlighting the weakness of systems like LLMs
that lack explicit ontological grounding and cannot reliably interpret terms according
to their formal semantics.

The effect of FS and CoT on syntactic quality is overall positive for all main models
and preserves the ranking from Mistral to Sauerkraut to QwQ. However, effective ex-
ample design - balancing prompt complexity with performance gains - must consider
model-specific predispositions: CoT yields substantial benefits only for the reasoning
model QwQ, offering no significant improvement over FS for the others. Furthermore,
these prompting techniques are insufficient to bridge the performance gap between
TSC and SSC, indicating that reliable automatic SHACL generation from require-
ments texts with LLMs necessitates either further prompt engineering or employing
models with greater SHACL-specific knowledge embedded in their pre-trained and
fine-tuned parameters.

Semantic Consistency. The observed patterns in the base experiment suggest
that Mistral and Sauerkraut are best equipped to generate shapes graphs that align
semantically with the reference graphs, a benefit partially attributable to their syn-
tactic strengths. Despite these relative strengths, the generated shapes graphs gen-
erally diverge substantially from the ground truth in both structure and function,
evidenced by consistently weak graph matching and validation scores.

Moreover, the elevated G-BS scores relative to other metrics suggest that LLMs
are more effective at extracting relevant cues from the input text and ontology to
generate semantically related terminology, than at reproducing the structural form
of the ground truth. While this may in part reflect the metric’s gradual, similarity-
based design, the previous interpretation also aligns with prior research indicating
that LLMs, primarily trained on NL, often have difficulty with generating structured
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output [39, 59].

The results reveal a distinctive pattern in validation performance with QwQ emerg-
ing as the top performer. This appears to result from it being the only model to
consistently declare the correct primary target node ff:User thereby enabling mean-
ingful constraint validation. In contrast, other models frequently omit the required
target declaration, leading to trivially conforming shapes. This discrepancy is exac-
erbated by the negatively biased dataset, which accentuates the distinction between
models that generate focus nodes - a precondition of detecting negative instances -
and those that do not.

With FS and CoT prompting, the discrepancy in validation performance between
models narrows, converging toward the pattern initially observed in QwQ. Both
Mistral and Sauerkraut begin to consistently include the correct primary target node
declaration, suggesting that demonstrating this requirement through examples guides
models to process this output constraint more effectively than merely describing
it in the directive, as done in the ZS prompt. As a result, FS and CoT notably
enhance validation performance across models, including further improvements for
QwQ, accompanied by corresponding gains in graph matching scores.

However, these two sets of metrics reflect different objectives. Graph matching mea-
sures structural alignment with the reference graph, whereas validation performance
captures whether the generated shapes function as intended. While both tend to im-
prove in parallel under FS and CoT prompting, the base results illustrate that there
is no necessary connection between generating the shapes graphs with the closest
structural alignment with the ground truth (Mistral) and those that perform best
on the validation task (QwQ).

This leads to two important insights for future evaluation. First, graph matching
alone is not a reliable proxy for success on the Text2SHACL task; with its functional
lens, validation performance captures a distinct and important aspect of semantic
quality. Second, it draws attention to alternative optimization strategies that tar-
get functional correctness more directly. Specifically, we note that the inclusion
of ground-truth shapes graphs in FS and CoT prompts encourages models to emu-
late human-authored examples, thereby prioritizing structural similarity. However,
a more outcome-oriented alternative may involve conditioning the model on user
profiles along with their expected validation outcomes. While this approach targets
validation performance more directly, future work investigating its effects will need
to account for adequate evaluation through realistic and representative user data.
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7 Conclusion
This thesis investigated the Text2SHACL task for social benefit eligibility assessment
through human annotation and prompt engineering.

The human annotation yielded a procedural schema outlining the main steps of
Text2SHACL as well as a novel dataset of SHACL-annotated social benefit re-
quirements. These contributions provide concrete resources for practitioners and
researchers and offer a more nuanced understanding of the task. Specifically, it high-
lighted the versatile role of the underlying - fixed or evolving - ontology. Moreover,
we conclude that complete representation of eligibility requirements with SHACL
Core is neither feasible, due to the intricacy of arithmetic, temporal, and defeasi-
ble requirements, nor necessarily desirable, as demonstrated by the pragmatic and
ethical concerns regarding self-referentiality and discretion. These findings imply
that effective eligibility assessment requires integrating more expressive formaliza-
tion tools and challenge the prospect of fully automated, legally binding eligibility
assessments.

The interoperability and generalizability of the proposed ontology, though effective
within this study’s scope, is limited due to its reliance on a custom namespace and
focus on a narrow subset of social benefits. For a more efficient representation of the
domain, future research should pursue a systematic ontology development process
that incorporates established domain vocabularies and can accommodate a broader
range of benefits. We recommend the well-established, tool-supported methodology
outlined by Noy et al. [79] as a foundation.

Additionally, future work should explore integrating SHACL-SPARQL constraints
into the ontology, as exemplified by Anim et al. [2]. This approach enables inference
of complex legal facts from simple user inputs, addressing SHACL Core’s limited
expressivity - not by increasing the complexity of shapes graphs at the expense of
automation, but by validating semantically enriched data.

The prompt engineering experiments leveraged the developed resources to investi-
gate the effect of prompting techniques on the quality of LLM-generated shapes
graphs. For this, we first established a baseline using ZS prompting. We found that
the best-performing models demonstrate a general capacity to generate functional
shapes graphs and employ the prescribed vocabulary. However, performance varies
substantially across model size and training paradigms, and even the top models
exhibit frequent syntactic errors and limited semantic alignment with the ground
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truth.

The FS and CoT experiments boil down to four key findings. First, providing demon-
strative examples generally enhances syntactic and semantic quality. Second, while
CoT emerges as the most effective strategy overall, its impact differs by model type,
with the reasoning model QwQ benefiting the most. Third, Mistral consistently out-
performs the others across nearly all metrics, indicating that prompting alone cannot
fully compensate for lack of SHACL-knowledge contained in the model parameters.
Fourth, strong validation scores do not presuppose high structural similarity with
the ground truth.

Despite improvements, given low overall validation performance, the practical utility
of generated shapes graphs remains limited. A promising direction to further enhance
performance in future research is incorporating exemplary data graphs instead of
reference shapes graphs, along with their expected validation results into prompts.
This approach targets validation performance more directly than through structural
similarity with ground truth. We recommend constructing a more balanced and
comprehensive set of data graphs to strengthen the robustness of validation metrics
for this optimization objective. For example, future work could examine the viability
of the open-source tool proposed by Vecovska and Jovanovik [112] for automatically
generating RDF data conforming to SHACL shapes to counterweigh the negative
bias in the dataset.
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A Graph Edit Distance Timeout

Figure 18: Graph Edit Distance vs. Timeout. GED was computed using NetworkX’s exact algo-
rithm with timeouts ranging from 60 to 600 seconds in 1-minute steps, across six machine-generated
SHACL shape graphs randomly selected from run baseline_0ex0fcv_1745697193 with model Mis-
tral Large Instruct. The red line shows the mean GED across all benefits at each timeout.

85



B Definition of Source Shapes

86



Ta
bl
e
7:

D
efi
ni
tio

n
of

so
ur
ce

sh
ap

es
.
Pr

es
en
ts

th
e
10

m
os
t
fre

qu
en
tly

tr
ig
ge
re
d
m
et
a
sh
ap

es
gr
ap

h
so
ur
ce

sh
ap

es
fro

m
th
e
ba

se
ex
pe

rim
en
t,
ill
us
tr
at
ed

w
ith

sim
pl
ifi
ed

ex
am

pl
es

dr
aw

n
fro

m
ac
tu
al

ge
ne

ra
te
d
da

ta
.
ID

s
(E

01
,..
.,E

10
)
m
at
ch

th
e
le
ge
nd

in
15

.

E
rr
or

T
yp

e
E
xa

m
pl
e

D
es
cr
ip
ti
on

So
ur
ce

Sh
ap

e
D
es
cr
ip
ti
on

In
va
lid

Sh
ap

e

E
01

.
A

SH
A
C
L

Pr
op

-
er
ty

Sh
ap

e
m
us
t

ha
ve

th
e

pr
op

er
ty

sh
:p
at
h

ex
-

ac
tly

on
ce

an
d

its
va
lu
e

m
us
t

be
a

we
ll-
fo
rm

ed
sh
sh
:p
at
hS

ha
pe

,o
ra

n
IR

I.

[
sh

:m
ax

Co
un

t
"1

"
^^

xs
d:

in
te

ge
r

;
sh

:m
in

Co
un

t
"1

"^
^x

sd
:i

nt
eg

er
;

sh
:o

r
(

sh
sh

:P
at

hS
ha

pe
[

sh
:n

od
eK

in
d

sh
:I

RI
]

)
;

sh
:p

at
h

sh
:p

at
h

]

A
n

ob
je
ct

of
sh
:p
ro
pe

rt
y

do
es

no
t
ha

ve
a

pr
op

er
ty

sh
:p
at
h.

[
sh

:p
ro

pe
rt

y
[

sh
:p

re
di

ca
te

ff
:n

ee
ds

Ca
re

;
sh

:c
la

ss
ff

:C
ar

eN
ee

d
]

]

E
02

.
A

sh
ap

e
m
us
t
be

ei
th
er

a
we

ll-
fo
rm

ed
no

de
sh
ap

e
or

pr
op

er
ty

sh
ap

e.

sh
sh

:S
ha

pe
Sh

ap
e

A
sh
ap

e
is
no

ta
va
lid

no
de

sh
ap

e
be

ca
us
e

it
ha

s
th
e

pr
op

er
ty

sh
:p
at
h

an
d

no
t

a
va
lid

pr
op

er
ty

sh
ap

e
be

-
ca
us
ei
th

as
m
ul
tip

le
va
lu
es

fo
r
sh
:p
at
h.

[
sh

:p
ro

pe
rt

y
[

sh
:p

at
h

ff
:d

ec
ea

se
dS

po
us

e
,

ff
:d

ec
ea

se
dC

iv
il

Pa
rt

ne
r

;
sh

:h
as

Va
lu

e
[

]
]

]

E
03

.
T
he

pr
op

er
ty

sh
:n
od

eK
in
d

ca
n

ha
ve

at
m
os
t

on
e

va
lu
e,

w
hi
ch

m
us
t

be
on

e
ou

t
of

th
e

lis
te
d
ty
pe

s.

[
sh

:i
n

(
sh

:B
la

nk
No

de
sh

:I
RI

sh
:L

it
er

al
sh

:B
la

nk
No

de
Or

IR
I

sh
:B

la
nk

No
de

Or
Li

te
ra

l
sh

:I
RI

Or
Li

te
ra

l
)

;
sh

:m
ax

Co
un

t
"1

"^
^x

sd
:i

nt
eg

er
;

sh
:p

at
h

sh
:n

od
eK

in
d

]

U
sin

g
an

in
va
lid

no
de

ki
nd

,
lik

e
sh
:N

od
e.

[
sh

:p
ro

pe
rt

y
[

sh
:p

at
h

ff
:h

as
Ch

il
d

;
sh

:n
od

eK
in

d
sh

:N
od

e
]

]

E
04

.
T
he

va
lu
e

of
sh
:e
qu

al
s
m
us
t
be

an
IR

I.
[

sh
:n

od
eK

in
d

sh
:I

RI
;

sh
:p

at
h

sh
:e

qu
al

s
]

U
sin

g
a
lit
er
al

lik
e
“f
al
se
”

as
va
lu
e
fo
r
sh
:e
qu

al
s.

[
sh

:p
ro

pe
rt

y
[

sh
:p

at
h

ff
:c

an
Co

ve
rB

as
ic

Ne
ed

s
;

sh
:e

qu
al

s
"f

al
se

"^
^x

sd
:b

oo
le

an
]

]

87



E
05

.
T

he
v a

lu
e

of
sh

:le
ss

T
ha

n
m

us
t

be
an

IR
I.

[
sh

:n
od

eK
in

d
sh

:I
RI

;
sh

:p
at

h
sh

:l
es

sT
ha

n
]

U
sin

g
a

lit
er

al
lik

e
15

00
as

va
lu

e
fo

r
sh

:le
ss

T
ha

n.
[

sh
:p

ro
pe

rt
y

[
sh

:p
at

h
ff

:p
er

so
na

lG
ro

ss
In

co
me

;
sh

:l
es

sT
ha

n
15

00
]

]
E

06
.

T
he

va
lu

e
of

sh
:c

la
ss

m
us

t
be

an
IR

I.
[

sh
:n

od
eK

in
d

sh
:I

RI
;

sh
:p

at
h

sh
:c

la
ss

]
U

sin
g

a
bl

an
k

no
de

as
va

lu
e

fo
r

sh
:c

la
ss

.
sh

:c
la

ss
[

sh
:o

r
(

ff
:W

or
kA

cc
id

en
t

ff
:C

om
mu

ti
ng

Ac
ci

de
nt

ff
:O

cc
up

at
io

na
lD

is
ea

se
)

]
E

07
.

Ea
ch

m
em

be
r

of
a

SH
A

C
L

lis
t

m
us

t
be

a
we

ll-
fo

rm
ed

sh
ap

e.

[
sh

:n
od

e
sh

sh
:S

ha
pe

Sh
ap

e
;

sh
:p

at
h

(
[

sh
:z

er
oO

rM
or

eP
at

h
rd

f:
re

st
]

rd
f:

fi
rs

t
)

]

A
n

ite
m

in
sh

:o
r

(a
SH

A
C

L
lis

t)
is

no
t

a
we

ll-
fo

rm
ed

sh
ap

e
be

-
ca

us
e

it
co

nt
ai

ns
a

pa
th

sh
:e

qu
al

st
ha

tp
oi

nt
st

o
a

Li
te

ra
li

ns
te

ad
of

an
IR

I.

sh
:o

r
(

[
sh

:p
at

h
ff

:h
as

Di
sa

bi
li

ty
;

sh
:d

at
at

yp
e

xs
d:

bo
ol

ea
n

;
sh

:e
qu

al
s

tr
ue

]
)

E
08

.
T

he
va

lu
e

of
sh

:o
r

m
us

tb
ea

va
lid

R
D

F
lis

t.
[

sh
:n

od
e

sh
sh

:L
is

tS
ha

pe
;

sh
:p

at
h

sh
:o

r
]

A
ss

ig
ni

ng
sh

:o
r

a
bl

an
k

no
de

in
st

ea
d

of
an

ex
-

pl
ic

it
R

D
F

lis
t

or
Tu

r-
tle

’s
sh

or
t-

ha
nd

pa
re

n-
th

es
is

no
ta

tio
n.

sh
:o

r
[

sh
:p

at
h

ff
:r

ec
ei

ve
sB

en
ef

it
;

sh
:h

as
Va

lu
e

ff
:L

10
00

40
_L

B_
-

86
65

92
4

]
E

09
.

T
he

va
lu

e
fo

r
sh

:le
ss

T
ha

nO
rE

qu
al

s
m

us
t

be
an

IR
I.

[
sh

:n
od

eK
in

d
sh

:I
RI

;
sh

:p
at

h
sh

:l
es

sT
ha

nO
rE

qu
al

s
]

U
sin

g
a

lit
er

al
lik

e
“n

ow
()

-
P1

Y
”

as
a

va
lu

e
fo

r
sh

:le
ss

T
ha

nO
rE

qu
al

s.

sh
:p

ro
pe

rt
y

[
sh

:p
at

h
ff

:h
as

Da
te

;
sh

:l
es

sT
ha

nO
rE

qu
al

s
[

sh
:p

at
h

ff
:h

as
Da

te
;

sh
:v

al
ue

"n
ow

()
-

P1
Y"

^^
xs

d:
da

te
Ti

me
]

]
E

10
.

T
he

va
lu

e
of

sh
:a

nd
m

us
t

be
a

we
ll-

fo
rm

ed
R

D
F

lis
t.

[
sh

:n
od

e
sh

sh
:L

is
tS

ha
pe

;
sh

:p
at

h
sh

:a
nd

]

A
ss

ig
ni

ng
sh

:a
nd

a
bl

an
k

no
de

in
st

ea
d

of
an

ex
-

pl
ic

it
R

D
F

lis
t

or
Tu

r-
tle

’s
sh

or
t-

ha
nd

pa
re

n-
th

es
is

no
ta

tio
n.

sh
:a

nd
[

sh
:p

at
h

ff
:i

sS
in

gl
eP

ar
en

t
;

sh
:h

as
Va

lu
e

tr
ue

]

88



C Conformance with SHACL Vocabulary
Table 8: Ratio of unknown SHACL terms by Prompt and Model. Average ratio of SHACL terms
that are not part of the full SHACL vocabulary (Unknown SHACL) or its more limited subset
SHACL Core (Unknown SHACL Core) per generated shapes graph. Lower values indicate fewer
invented terms, i.e. better vocabulary conformance.

Prompt Model Unknown
SHACL Ratio

Unknown
SHACL Core
Ratio

Base

DeepSeek-R1-Distill-LLaMA-70B 0.108 0.140

SauerKrautLM-70B-Instruct 0.022 0.024

LLaMA-3.3-70B-Instruct 0.008 0.039

Meta-LLaMA-3.1-8B-Instruct 0.130 0.137

Mistral-Large-Instruct 0.002 0.002

Qwen2.5-72B-Instruct 0.000 0.022

QwQ-32B 0.012 0.012

FS
SauerKrautLM-70B-Instruct 0.004 0.004

Mistral-Large-Instruct 0.000 0.000

QwQ-32B 0.015 0.015

CoT
SauerKrautLM-70B-Instruct 0.002 0.002

Mistral-Large-Instruct 0.003 0.003

QwQ-32B 0.003 0.003

Lower Unknown SHACL vs. SHACL Core ratios in Base indicate use of advanced
SHACL features against the prompt directive - an effect absent in FS and CoT.
DeepSeek and LLaMA 80B are most inventive (approximately 14% for SHACL Core),
aligning with their poor syntax performance. Besides, invention rates are low and
have limited explanatory power for syntactic errors.
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D Heatmap of Target Definitions Over All Models

Figure 19: Heatmap of target declarations (all models). Juxtaposes average proportion of generated
shapes graphs declaring the target node ff:User (a), validation recall (b), and validation precision
(c). Y-axis: Model. X-axis: Experiment, including baseline (base), fewshot (FS), and Chain-of-
Thought (CoT). Results are averaged over well-formed shapes graphs only.
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E Performance of Main Models Over all Prompts
Table 9: Performance of main models on all prompts. Rows: Each row corresponds to a combination
of prompt (Base = baseline, FS = fewshot, CoT = chain-of-thought) and model. Columns: Each
column corresponds to one of the main evaluation metrics, including Graph Edit Distance (GED),
G-BERTScore (G-BS), Triple Match Precision, Recall, and F1 (T-P, T-R, T-F1), and Validation
Precision, Recall, F1, and Accuracy (V-P, V-R, V-F1, V-Acc). Bold indicates the best score per
prompt, the overall best results per metric are additionally marked with an asterix.

Prompt +
Model

GED
↓

G-BS
↑

T-F1
↑

T-P
↑

T-R
↑

V-F1
↑

V-P
↑

V-R
↑

V-Acc
↑

Base

Sauerkraut 0.674
±0.015

0.565
±0.051

0.164
±0.022

0.193
±0.014

0.150
±0.027

0.014
±0.004

0.007
±0.002

0.413
±0.099

0.071
±0.024

Mistral 0.577
±0.025

0.649
±0.024

0.243
±0.003

0.298
±0.006

0.215
±0.008

0.020
±0.002

0.010
±0.001

0.603
±0.028

0.011
±0.002

QwQ 0.798
±0.055

0.290
±0.082

0.120
±0.050

0.151
±0.055

0.106
±0.048

0.024
±0.021

0.020
±0.018

0.044
±0.048

0.220
±0.054

FS

Sauerkraut 0.612
±0.047

0.669
±0.084

0.449
±0.051

0.463
±0.053

0.456
±0.052

0.080
±0.028

0.080
±0.028

0.108
±0.052

0.598
±0.172

Mistral 0.553
±0.026

0.706
±0.051

0.494
±0.048

0.534
±0.051

0.478
±0.042

0.196
±0.045

0.207
±0.053

0.224
±0.024

0.707
±0.091

QwQ 0.752
±0.033

0.423
±0.042

0.316
±0.047

0.337
±0.046

0.307
±0.054

0.121
±0.024

0.118
±0.024

0.127
±0.028

0.236
±0.048

CoT

Sauerkraut 0.598
±0.018

0.649
±0.020

0.435
±0.011

0.454
±0.012

0.431
±0.011

0.228
±0.025

0.227
±0.024

0.230
±0.024

0.588
±0.023

Mistral 0.528*
±0.035

0.721*
±0.046

0.529*
±0.018

0.605*
±0.010

0.487*
±0.020

0.333*
±0.048

0.346*
±0.039

0.352*
±0.083

0.751*
±0.050

QwQ 0.668
±0.023

0.522
±0.026

0.400
±0.036

0.438
±0.034

0.377
±0.036

0.267
±0.030

0.258
±0.029

0.290
±0.040

0.519
±0.095
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F Digital Appendix: Annotation Materials
The digital appendix provides read-only access to the original materials used for the
expert annotation to evaluate the human-generated SHACL shapes graphs. For each
annotator, a separate Google Drive folder contains the following:

• Guidelines: The instructions provided to the annotators outlining the annota-
tion procedure and criteria.

• Annotation Sheet: A spreadsheet capturing the annotator’s evaluations and
comments.

• Files Round 1 and Files Round 2: Reviewed input texts and corresponding
SHACL shapes graphs for each annotation round.

Access the materials here:

• Annotator 1

• Annotator 2
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https://drive.google.com/drive/folders/15pt4KP6jP5f-nR0SGYB_qblUL3jBAMAA?usp=sharing
https://drive.google.com/drive/folders/1UuVks2uDvBtdAm2Ze8vs07970qPUkb83?usp=sharing


Note on AI Usage
This thesis was generated with the help of the following generative artifical intelli-
gence tools:

• DeepL for translation because the author is a non-native English speaker

• Grammarly to correct grammatical mistakes.

• ChatGPT for discussion of ideas, improvement of wording, debugging.

• GitHub Copilot for code completion.
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