
 
 

 

 
Appl. Sci. 2025, 15, 11235 https://doi.org/10.3390/app152011235 

Article 

A Framework for a Public Service Recommender System Based 
on Neuro-Symbolic AI 
Ioannis Konstantinidis 1, Ioannis Magnisalis 1 and Vassilios Peristeras 1,2,* 

1 School of Science and Technology, International Hellenic University, 57001 Thessaloniki, Greece;  
i.konstantinidis@ihu.edu.gr (I.K.); i.magnisalis@ihu.edu.gr (I.M.) 

2 DG DITEC, Council of the EU, 1048 Brussels, Belgium 
* Correspondence: v.peristeras@ihu.edu.gr 

Abstract 

Public service provision is still limited to document-centric procedures that require citi-
zens to submit data and information needed for the execution of a service via documents. 
This, amongst others, is time-consuming, error-prone and hinders progress towards data-
centricity. This study proposes a data-centric framework for a public service recom-
mender system that combines knowledge graphs (KGs) and large language models 
(LLMs) in a neuro-symbolic AI architecture. The framework expresses public service pre-
conditions as machine-readable rules based on data standards and provides dynamic rec-
ommendations for public services based on citizens’ profiles through automated reason-
ing. LLMs are utilized to extract preconditions from unstructured textual regulations and 
create RDF-based evidence models, while KGs provide validation of preconditions 
through SHACL rules and explainable reasoning towards semantic interoperability. A 
prototype use case on students applying for housing allowance showcases the feasibility 
of the proposed framework. The analysis indicates that combining KGs with LLMs for 
identifying relevant public services for different citizens’ profiles can improve the quality 
of public services and reduce administrative burdens. This work contributes and pro-
motes the proactive “No-Stop Government” model, where services are recommended to 
users without explicit requests. The findings highlight the promising potential of employ-
ing neuro-symbolic AI to transform e-government processes, while also addressing chal-
lenges related to legal complexity, privacy and data fragmentation for large-scale adop-
tion. 

Keywords: large language models; knowledge graphs; public service provision; recom-
mender systems; neuro-symbolic AI; no-stop government; data-centric governance 
 

1. Introduction 
Public service provision constitutes a cornerstone of modern societies, encompassing 

a wide range of administrative, social, and economic activities crucial for citizens and 
businesses alike. Governments worldwide have invested heavily in Information Technol-
ogy (IT) infrastructures to streamline operations, reduce bureaucratic burdens, and im-
prove service quality and accessibility [1,2]. These investments have fueled the evolution 
of e-Government, aiming to facilitate fully digital and user-centered public services that 
mirror the efficiency and personalization found in the private sector achieving 100% 
online public services by 2030 [3,4]. e-Government was envisioned not merely as a means 
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for digitizing paperwork but as a transformative shift towards proactive governance mod-
els [5,6]. 

1.1. Problem Statement 

Public service provision still follows legacy processes, despite decades of digitization 
efforts and massive investments in e-Government infrastructures [7]. At the core of this 
issue is the ongoing reliance on document-centric procedures [8]. Legislations, adminis-
trative regulations, and eligibility preconditions are primarily encoded in human-reada-
ble legislative texts, while citizens are often required to repeatedly submit physical or 
scanned documents—such as birth certificates, income statements, or proof-of-resi-
dency—to demonstrate their qualification for services [9–11]. This document-centric ap-
proach not only introduces redundancy and inefficiency but also hinders interoperability 
and automated processing, as human interpretation is regularly needed to ascertain com-
pliance with public service preconditions [12]. 

In recent years, the public sector has been exploring ways to adopt emerging tech-
nologies, like knowledge graphs (KGs) and artificial intelligence (AI), to tackle the limita-
tions of document-based service provision. Among these innovations are recommender 
systems, which, while long established in the commercial realm, like e-commerce and me-
dia platforms, have not yet been widely applied to public service contexts [13]. The vision 
of a “No-Stop-Government” (NSG), where government services which are proactively 
triggered to life changes, offering citizens and businesses timely, relevant support without 
the need for explicit requests, closely aligns with the concept of recommendation engines 
that can match user profiles with appropriate services [14]. This shift to NSG offers nu-
merous potential benefits, such as time savings, fewer errors, reduced paperwork, and 
improved government reputation. To enable such proactive and intelligent service deliv-
ery, public administrations must shift from a document-centric model to one that directly 
leverages data and formalized precondition. By converting public service preconditions 
into machine-readable format, and by constructing comprehensive citizen profiles 
grounded in reliable data sources, governments can harness recommender systems to of-
fer personalized and context-aware public services. This approach promises not only to 
address long-standing efficiency and equity issues but also to open up new possibilities 
for service innovation and user engagement in the public sector. 

Transforming public service provision into a data-centric model, where eligibility 
preconditions are expressed as formal, machine-readable rules and where “evidence” is 
sourced from authoritative data repositories, holds promise for mitigating these chal-
lenges [15]. However, achieving such a paradigm shift demands methodological, techno-
logical, and organizational changes. Without formalizing the preconditions and automat-
ing access to high-quality citizen data, public services remain limited to their document-
based legacy [16]. In turn, this limits the ability of governments to deliver proactive, per-
sonalized, and truly intelligent services, capabilities that recommender systems, if 
properly integrated, could help unlock. 

Previous research [12] explored the shift from document-centric to data-centric pub-
lic service provision, emphasizing the transformative potential of emerging technologies 
like KGs and Large Language Models (LLMs). This foundational analysis proposed a con-
ceptual architecture to enable granular data exchange by extracting service preconditions 
from legislative texts, standardizing evidence types, and integrating authoritative data 
sources in order to allow the automated execution of public services. This approach 
demonstrated the feasibility of utilizing LLMs to interpret complex legislative documents 
and translate them into machine-readable formats, while KGs facilitated the semantic in-
terlinking of service attributes, preconditions, and evidence. 
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1.2. Objectives and Contributions 

The overarching objective of this research is to transcend the document-centric legacy 
in public service provision by proposing a conceptual framework that leverages machine-
readable preconditions, data-centric modeling, and intelligent recommendation capabili-
ties. The objective of this research is to create an environment in which matching citizens 
to relevant public services can occur proactively, rather than reactively by structuring pre-
conditions into formal knowledge representations, and by enabling automated access to 
authoritative data sources [10,17]. 

To achieve this objective, we draw on advancements in KG technologies, which cap-
ture and reason over structured information, and LLMs, which can assist in interpreting 
and extracting rules from complex, unstructured legislative texts. Integrating these tech-
niques, often described as “neuro-symbolic AI”, can deliver the best of both worlds: the 
semantic rigor of formal ontologies and the interpretive flexibility of state-of-the-art nat-
ural language processing (NLP) systems [18]. 

Despite rapid advancements, both KGs and LLMs display critical limitations that 
paves the way for their combination as neuro-symbolic AI [19] Although KGs can provide 
structured and explainable representation of knowledge, they are costly to construct and 
maintain due to manual curation and ontology design and prone to errors, often incom-
plete, and fail to interpret relationships from unstructured text. Furthermore, as KGs are 
relied on predefined ontologies, this limits the scalability across different domains. On the 
other hand, while LLMs are able to understand natural language, they suffer from hallu-
cinations, limited explainability and factual inaccuracies. They fail to reason as the level 
of complexity increases and their probabilistic nature makes it difficult to explain their 
results. Therefore, by combining KGs and LLMs, we can minimize the issues posed in 
each technology, which is the main rationale for the neuro-symbolic AI framework pro-
posed in this research paper. 

The contributions of this work are threefold: 

• Neuro-symbolic framework for public service recommendation: We propose an ar-
chitecture that integrates KGs and LLMs, enabling the system to interpret precondi-
tions, maintain semantic models of public services, and align user profiles with ap-
plicable services. This approach addresses a significant research gap by applying rec-
ommendation logic to public sector provision, where such systems are still underex-
plored [20]. 

• Prototype implementation and case study demonstration: We apply the prototype of 
key pipeline components to a public service use case, showcasing the feasibility of a 
neuro-symbolic approach to extract preconditions from regulations using LLMs, 
transform them into Resource Description Framework (RDF) evidence data models 
while using Shapes Constraint Language (SHACL) rules for validation. 

• Pathway Towards NSG: Our work supports the realization of proactive, user-ori-
ented government services through bridging the gap between data sources and ser-
vice models. These recommender capabilities lay the groundwork for NSG scenarios, 
where individuals receive targeted, just-in-time assistance based on life events or 
business changes, without needing to explicitly request services or submit redundant 
documents. 

While the proposed framework is using EU-based interoperability standards and ref-
erences, it is not limited to this region. Respective standards could be reused or built for 
or developing governments as well. The source code of the implementation can be found 
on GitHub at https://github.com/ikonstas-ds/framework-llm-public-services-
recsys/tree/main (accessed on 13 October 2025) using KNIME Analytics Platform 5.4. 
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2. Background and Related Work 
2.1. Recommender Systems in the Industry 

Recommender systems have undergone significant advancements, evolving from 
basic filtering methods to sophisticated algorithms tailored for diverse applications. Early 
systems, such as those used in e-commerce and entertainment, relied heavily on collabo-
rative filtering and content-based approaches to infer user preferences from interaction 
data or item features [21,22]. These techniques formed the backbone of platforms like Am-
azon and Netflix, showcasing the effectiveness of personalization in enhancing user satis-
faction [23]. 

The emergence of hybrid systems, which combine collaborative and content-based 
filtering, addressed limitations such as sparsity and cold-start problems. Hybrid methods 
like semi-supervised clustering using Gaussian mixture models [24], and demographic 
filtering have enhanced the accuracy and adaptability of recommendations across do-
mains. A more contemporary exploration of knowledge-based recommenders and their 
alignment with user needs can be found in a recent survey which outlines advances in 
incorporating robustness and fairness into these systems [25]. 

Neuro-symbolic AI methods have showcased solid performance in other domains 
human–machine interaction and multimodal reasoning like assistive robotics and intelli-
gent rehabilitation [26,27]. 

Recent work has expanded on the application of semantic web technologies, partic-
ularly their integration with LLMs for creating semantically rich representations [28]. This 
builds on earlier foundations while incorporating state-of-the-art techniques. These ap-
proaches align well with the structured and policy-driven requirements of public services, 
enabling recommender systems to navigate legal complexities and evolving regulations. 
For example, ontological reasoning has been used to create semantically rich, interopera-
ble data models that provide transparent and explainable recommendations [29]. 

Advancements in natural language processing (NLP), particularly through LLMs, 
are revolutionizing the field. These models enable natural language understanding, con-
textual analysis, and explanation generation, enhancing user interaction and trust. LLMs 
have demonstrated potential in interpreting user-generated content, extracting domain 
knowledge from unstructured data, and enabling dynamic, precondition-based recom-
mendations [25]. 

2.2. Recommender Systems in Public Administration 

The evolution of public service provision has been closely tied to the development 
and maturation of digital government practices [30]. However, persistent bottlenecks re-
main, as governments still grapple with document-centric workflows that limit the poten-
tial for proactive and seamless service delivery. The concept of an NSG aligns closely with 
emerging e-government models, such as the transition from a one-stop shop to a no-stop 
shop, where citizens receive services without initiating requests or submitting forms. The 
no-stop government paradigm shifts the responsibility of service initiation from citizens 
to public organizations, offering services proactively without explicit citizen actions 
[31,32]. Countries such as Finland, Austria and Singapore have already piloted proactive 
services like automatic educational recommendations or child benefits and demonstrating 
how trustworthy AI in public sector can be achieved through accountability, transpar-
ency, and human supervision in proactive service provision [33–35]. Furthermore, another 
study examined how principles of trustworthy AI are applied in practice within a real-
world e-Government context highlighting challenges and opportunities towards trust-
worthy AI in public administrations [36]. Despite these advancements, significant barriers 
remain, particularly in bridging the gap between the procedural, document-bound legacy 
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of public administration and the fluid, data-centric vision of “no-stop” or proactive gov-
ernance [37], which is the focus of the present framework. 

Addressing these issues entails moving toward models of digital government that 
valorize structured data, machine-readable policies, and interoperable platforms. In this 
regard, ongoing research and policy discourse underscore the necessity of integrating 
emerging technologies—such as semantic web standards, KGs, and AI-driven NLP—into 
the public sector toolkit. Previous research contributed to this discourse by proposing a 
conceptual framework that uses KGs to model service preconditions and link them to 
standardized evidence types [12]. 

2.3. Recommender Systems in Public Service Provision 

Recommender systems have predominantly found applications in e-commerce, en-
tertainment, and healthcare, but their role in public service provision remains a relatively 
underexplored domain [20]. Public service provision involves unique challenges due to 
the complexity, diversity, and intangibility of services, which distinguish it from other 
sectors. Despite limited research, several frameworks and solutions have demonstrated 
potential for enhancing the delivery of public services through recommendation systems. 

One prominent application is in healthcare, where frameworks like those proposed 
at [38], focus on delivering personalized medical services. These systems analyze user 
data to match patients with appropriate healthcare services, illustrating the adaptability 
of recommender system principles to the public domain. 

In social services, systems leveraging social data are particularly effective. As dis-
cussed in [39], social recommender systems that utilize social network insights to enhance 
decision-making processes. Such systems could be adapted to public services like welfare 
benefits and employment opportunities. 

E-governance and smart city initiatives further exemplify the potential of recom-
mender systems in public service provision. A study on recommender systems for gov-
ernment services in smart cities highlights their ability to address the overwhelming vol-
ume of information and services, offering personalized recommendations tailored to the 
needs of diverse stakeholders [40]. 

Despite these advances, the deployment of recommender systems in public service 
provision is not without challenges. Unlike commercial applications, public services may 
necessitate extensive personal information, emphasizing the need for clarity in data usage 
and collection processes. Additionally, citizens have the right to understand how their 
data is utilized and how recommendations are generated. Ensuring transparency in AI 
systems is crucial to maintain public trust and uphold legal and democratic rights. Clear 
communication about the system’s operations, objectives, outputs, and impacts is essen-
tial, especially when these systems affect citizens’ daily lives and rights [41]. Systems must 
account for the intangible and heterogeneous nature of services [42] while ensuring trust-
worthiness and transparency in recommendations [43]. Ethical considerations and data 
privacy concerns are particularly critical when handling sensitive user information in 
public sectors. 

2.4. Formal Public Service Modeling 

A fundamental barrier to achieving proactive, data-centric public services lies in the 
difficulty of translating legal and administrative rules—traditionally expressed in natural 
language documents—into machine-readable representations. As policies and eligibility 
requirements are typically embedded in dense legal texts, ensuring that these rules can be 
interpreted, evaluated, and enforced by computational systems demands structured for-
malization [44]. 
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This effort has led to the introduction of standardized semantic vocabularies and on-
tologies intended to foster interoperability and facilitate the modeling of public services. 
For instance, the European Commission has developed the Core Public Service Vocabu-
lary Application Profile (CPSV-AP) and the Core Criterion and Core Evidence (CCCEV) 
to systematically describe and link public services, the data they require, and their associ-
ated precondition [45,46]. By adopting these semantic standards, governments can repre-
sent services and eligibility preconditions as linked data, enabling systems to navigate the 
complexity of administrative processes and dynamically identify which services may ap-
ply to a given citizen or business profile. 

Furthermore, knowledge representation approaches, such as ontologies and KGs, al-
low the formal specification of concepts, attributes, and relationships in a structured man-
ner. KGs can capture both static descriptions (e.g., definitions of unemployment, income 
thresholds) and dynamic data elements (e.g., current employment status) linked to au-
thoritative evidence sources [12]. When combined with reasoning engines, these struc-
tured representations enable the automatic evaluation of whether a particular user profile 
meets the necessary precondition for a service, removing the need for repeated document 
submission and manual interpretation. 

The transition to machine-readable precondition also supports multi-stakeholder set-
tings, where different government agencies must collaborate to deliver integrated ser-
vices. Interoperability frameworks, semantic standards, and rule-based systems simplify 
data sharing and conditional checks, promoting integrated decision-making across insti-
tutions. This harmonization underpins more advanced functionalities, such as triggering 
proactive service recommendations when user data changes in a way that satisfies prede-
fined conditions [33]. 

However, challenges remain. Ensuring the correctness, completeness, and currency 
of formalized precondition is non-trivial, as policies and regulations can evolve rapidly, 
requiring continuous maintenance of the underlying knowledge models. Likewise, guar-
anteeing privacy and adherence to data protection legislation adds layers of complexity, 
as these systems must handle sensitive user information responsibly and transparently 
[47]. Despite these difficulties, the convergence of semantic standards, ontological model-
ing, and automated reasoning holds significant promise for enabling a data-driven para-
digm in public service provision, laying essential groundwork for integrating recom-
mender systems that can operate atop this newly machine-readable layer of governmental 
rules and data. 

3. Materials and Methods 
3.1. Conceptual Framework 

3.1.1. High-Level Vision 

The central vision of the conceptual framework is to redefine public service provision 
by moving away from document-centric processes towards a data-driven, precondition-
based paradigm. This shift involves formalizing legal rules and conditions into structured, 
machine-readable precondition and linking them to evidence data drawn from authorita-
tive and interoperable sources, such as governmental registries, statistical databases, and 
trusted third-party providers. 

To achieve this vision, the framework integrates knowledge representation methods 
with advanced AI techniques. It leverages semantic models and ontologies to represent 
public services, eligibility precondition, and user attributes, thus enabling automated rea-
soning over complex policies and multi-faceted user profiles. Complementing these sym-
bolic approaches, LLMs can assist in extracting and interpreting rules from textual regu-
lation documents, thereby continuously updating machine-readable preconditions as 
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regulations evolve [48]. This hybrid, neuro-symbolic AI strategy combines the logical ri-
gor of structured knowledge with the flexible interpretive capabilities of cutting-edge lan-
guage models. 

The outcome is an intelligent, proactive recommendation environment, where users 
benefit from timely suggestions of services they may not even be aware they are entitled 
to. For instance, when a user’s employment status changes to “unemployed”, the system 
can immediately infer eligibility for job placement services without requiring the user to 
navigate complex administrative layers. 

3.1.2. Core Components 

The conceptual framework’s high-level vision is operationalized through three core 
components that collectively enable proactive, data-driven recommendation of public ser-
vices. These components—(1) Precondition Extraction and Formalization, (2) Evidence 
Modeling, and (3) Profile Construction—are integral for ensuring that a machine-reada-
ble, interoperable layer of rules and user attributes underpins the recommender system 
logic. 

1. Precondition Extraction and Formalization 

A critical challenge is the translation of legal texts, eligibility conditions, and policy 
rules—traditionally locked in lengthy documents—into structured, computable precon-
ditions. To achieve this, the framework leverages approaches from the fields of intelligent 
document processing and semantic interoperability. Building upon research that advo-
cates for representing regulations and processes in a machine-readable format, these pre-
conditions are formalized using ontologies, vocabularies, and rule-based systems. By 
mapping natural language policy statements to formal models, the framework ensures 
that changes in regulations can be more easily integrated, and that eligibility checks be-
come a matter of automated reasoning rather than manual interpretation. 

2. Evidence Modeling 

Once preconditions are formalized, the system must link them to authoritative data 
sources—“evidence”—that can confirm whether these preconditions are met. Evidence 
modeling involves defining data schemas and reference ontologies aligned with existing 
standards, such as the CPSV-AP, to represent the attributes and conditions necessary for 
service eligibility. By structuring evidence as linked data entities, drawn from trusted reg-
istries or other verified information hubs, the framework enables seamless and automated 
verification. Instead of citizens submitting repetitive documents, the system retrieves and 
interprets relevant data from known sources, ensuring consistency, reducing administra-
tive burden, and improving both efficiency and accuracy. 

3. Profile Construction 

The final core component focuses on the creation and maintenance of rich, machine-
readable user profiles for citizens and businesses. These profiles aggregate and integrate 
data points sourced from various public registers—such as demographic data, employ-
ment status, income level, or business attributes—into a structured, privacy-compliant 
representation. By aligning user attributes with semantic precondition defined for each 
service, the system can continuously update and refine eligibility determinations. When 
profile data changes (e.g., loss of employment, new academic enrollment, or registering a 
new business), triggers are activated to match the updated profile against existing precon-
dition, thereby identifying which public services become newly relevant. In this manner, 
the framework fosters a proactive service environment where recommendations emerge 
naturally from ongoing alignment between evidence, precondition, and user context. 
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4. Public Service Recommendation 

The Public Service Recommendation component is the culminating part of the con-
ceptual framework, combining the outputs of Evidence Modeling and Profile Construc-
tion to generate personalized service recommendations. This component operationalizes 
the system’s capability to proactively align users with relevant public services based on 
their eligibility and contextual changes. It performs the following key functions: 

• Integration of Evidence and Profiles: It synthesizes the validated evidence data and 
dynamic user profiles to match users against preconditions defined for various public 
services. 

• Service Matching: Utilizing semantic reasoning and matching algorithms, the com-
ponent evaluates user eligibility for services, ranking them based on relevance and 
timeliness. 

• Proactive Recommendations: As user profiles or policy preconditions evolve, the 
component dynamically updates recommendations, ensuring users are informed of 
newly available services without requiring manual intervention. 

• Explainability and Justification: The system provides explanations for recommenda-
tions, detailing the eligibility criteria met by the user through the generated RDF 
SHACL rules. This fosters transparency and builds trust in the automated decision-
making process. 

 

The core components are illustrated in Figure 1. 

 

Figure 1. Core component process. 

Realizing the full potential of the conceptual framework’s core components demands 
the synergy of multiple enabling technologies. At the heart of these technologies lie KGs 
and LLMs, which, when integrated, can offer a complementary blend of structured se-
mantic reasoning and flexible natural language understanding. 

• Knowledge Graphs (KGs): KGs provide a semantically rich, graph-based structure for 
representing and interlinking eligibility precondition, evidence sources, public ser-
vice descriptions, and user attributes [49]. Their graph-based nature enables dynamic 
queries and inference over interconnected data, supporting real-time evaluation of 
conditions as user profiles change. By leveraging ontologies and vocabularies tai-
lored to the public sector (e.g., CPSV-AP), KGs facilitate semantic interoperability 
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and integration with legacy systems, while also providing a flexible backbone for in-
corporating evolving rules and datasets [50]. As a result, KGs serve as a foundational 
infrastructure for reasoning about complex eligibility precondition, allowing the rec-
ommender system to rapidly identify relevant services. 

• Large Language Models (LLMs): While KGs excel at handling structured data and 
explicit logic, LLMs offer powerful capabilities for understanding and extracting in-
sights from unstructured or semi-structured content, such as policy documents, legal 
texts, and administrative guidelines [19]. State-of-the-art LLMs, trained on extensive 
corpora, can interpret regulations expressed in natural language and assist in map-
ping them to formal precondition, bridging the gap between human-authored rules 
and machine-readable representations. This is particularly beneficial when updating 
the system with new or revised regulations, as LLMs can help parse textual amend-
ments, identify the relevant conditions, and suggest corresponding updates to the 
KG. By doing so, LLMs reduce the manual effort involved in maintaining and scaling 
the system, ensuring that the framework remains adaptive to changing policy land-
scapes. 

• Neuro-Symbolic Integration: The combination of LLM-driven natural language un-
derstanding and KG-based symbolic reasoning constitutes a neuro-symbolic integra-
tion approach. KGs provide the structural rigor and interpretability needed for ro-
bust public-sector applications, while LLMs offer the flexibility and language com-
prehension skills necessary for handling messy or evolving regulations. This hybrid 
approach can support continuous improvement of the recommender system’s 
knowledge base—new rules identified by LLMs can be validated, refined, and inte-
grated into the KG through semi-automated workflows. Over time, the system be-
comes more adept at handling exceptions, rare conditions, and complex eligibility 
scenarios, all while maintaining an explainable and trustworthy decision-making 
process. 

• Supporting Tools and Standards: Beyond KGs and LLMs, a range of supporting tech-
nologies and standards underpin the framework. Rule engines and inference tools 
allow for automated reasoning over semantic rules and policies. Data access and in-
tegration platforms ensure that evidence sources remain authoritative and up to date, 
while privacy-enhancing technologies and identity management solutions help safe-
guard sensitive user data. By assembling these tools into a coherent technology stack, 
the framework can confidently deliver proactive, precondition-driven recommenda-
tions in alignment with policy objectives and user rights. 

3.2. Proposed Architecture and Methodology 

3.2.1. Neuro-Symbolic AI Integration 

The integration of neuro-symbolic AI paradigms within public service recommenda-
tion systems represents a transformative approach to achieving proactive and personal-
ized governance. This integration unifies the structured factual knowledge of KGs with 
the interpretive and generative strengths of LLMs, creating a synergy that addresses their 
respective limitations [51]. While LLMs such as GPT-4o excel at understanding and gen-
erating natural language, their black-box nature and occasional inaccuracies in factual 
knowledge present challenges. Conversely, KGs explicitly store rich, structured 
knowledge but are inherently difficult to construct and adapt to new information. The 
neuro-symbolic approach leverages the complementary strengths of these technologies to 
deliver more robust and interpretable solutions for public service provision. 

KGs provide the structured and semantically rich foundation needed to encode com-
plex relationships between public services, eligibility criteria, required evidence, and citi-
zen or business profiles. By formalizing domain-specific semantics through linked data 
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models and ontologies, such as the CPSV-AP, KGs enable interoperability across dispar-
ate governmental systems, automated reasoning to validate intricate eligibility conditions, 
and transparency through clear representations of relationships. These capabilities estab-
lish KGs as a logical and reusable backbone for public service recommendations, particu-
larly in scenarios where adherence to formal definitions is crucial. 

LLMs contribute unparalleled capabilities in processing and interpreting unstruc-
tured or semi-structured textual data. These models can automate the parsing of volumi-
nous policy documents and legal texts to identify eligibility conditions, dynamically in-
corporate regulatory changes to reduce manual intervention, and translate human-au-
thored legal language into machine-readable formats. Their ability to generalize across 
diverse contexts and tasks makes them indispensable for managing the complexity and 
variability of public sector documentation. However, their reliance on implicit knowledge 
often necessitates external augmentation from structured sources such as KGs to enhance 
inference accuracy and interpretability. 

The combination of KGs and LLMs creates a neuro-symbolic framework that over-
comes the individual limitations of each approach. KGs enhance LLMs by providing ex-
ternal, factual knowledge during pre-training and inference, improving the accuracy and 
reliability of generated outputs. Simultaneously, LLMs augment KGs by facilitating tasks 
such as KG embedding, completion, and the extraction of new facts from unstructured 
data. This bidirectional relationship enables synergized reasoning, where LLMs and KGs 
collaboratively inform and refine each other. For example, when a new policy mandates 
changes to eligibility conditions for a public service, an LLM can identify the updates, 
propose modifications to the KG, and ensure immediate alignment with user profiles 
through automated reasoning. The interplay of these technologies supports proactive rec-
ommendations and real-time compliance monitoring, achieving a balance between flexi-
bility and rigor. 

3.2.2. Prompting Strategy for Precondition Extraction and Evidence Modeling 

In order to ensure a consistent extraction of public service preconditions from regu-
lations, we utilized a prompting strategy with LLMs. The approach combined the follow-
ing techniques: 

• Retrieval-Augmented Generation (RAG): While the framework assumes that for each 
public service the related regulations are known, the texts are preprocessed using 
chunking and semantic search, ensuring that the model received only relevant sec-
tions of text such as a relevant article describing the preconditions. Appropriate con-
text is given to the prompts for inclusion and exclusion criteria of correct results. For 
instance, the title of the public service is provided and the prompt guides the LLM to 
focus on the actual preconditions needed and not on evidence or certificates. 

• Few-shot prompting: Representative examples of canonical evidence data models 
and correct triples are provided to guide the model toward more consistent results 
for structured triples. 

• Prompt chaining: Multi-step prompts are used to improve the robustness of the re-
sults. This approach allows the hierarchical structuring of the evidence data models 
while also properly refining the output and minimizing hallucinations. Furthermore, 
it can improve the handling of more complex and nested preconditions. 

• Language handling: Although the source regulations are in Greek, we provided 
prompts in English language due to the superior reasoning capabilities of LLMs in 
this language. At the same time, English language will facilitate further semantic in-
teroperability and proper naming convention of the data model classes and proper-
ties. 
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• Rule Formalization and Validation: Together with prompt chaining and the derived 
evidence data model, last prompts are used to transform the preconditions into RDF 
SHACL shapes using self-evaluation and correction to further increase the con-
sistency of the final outcome. 

3.2.3. Standards and Data Models 

The shift toward data-centric public service provision is grounded in the establish-
ment of robust standards and data models that facilitate interoperability, automate vali-
dation processes, and enable service recommendations. A critical element of this transi-
tion is leveraging evidence data models, which serve as the foundation for validating pre-
conditions and aligning user profiles with applicable public services. Standards such as 
the CPSV-AP and the CCCEV provide the structural framework for representing these 
data models in a machine-readable and interoperable format. 

CPSV-AP structures public service descriptions, linking them with associated pre-
conditions and criteria, thus ensuring interoperability across administrative domains. 
CCCEV complements this framework by establishing a connection between procedural 
requirements and evidence. By formalizing these requirements, CCCEV ensures that the 
data necessary to validate eligibility can be accurately represented and reused across sys-
tems. Together, these vocabularies enable the systematic representation of complex public 
service rules. 

An important addition to this framework is the use of canonical evidence as a con-
textual guide for the LLM to generate accurate evidence data models in RDF KGs [52]. 
LLMs play a crucial role in this process by interpreting the modeling best practices for 
these canonical examples and generating RDF-based evidence models. Leveraging out-
comes of existing research on canonical evidences, such as “Birth Evidence” or “Marriage 
Evidence”, can serve as a basis derived from real-world e-Government initiatives and are 
application profiles of CPSV-AP and CCCEV standards. Such models can provide valua-
ble insights into the structure and attributes that evidence data models should encompass. 
The use of canonical evidence data models is not intended as a fixed template applied on 
a specific public service. Instead, it serves to guide the LLM in understanding best prac-
tices for designing hierarchical evidence data models and subsequently allowing to 
properly model evidence data models of any domain. 

Once the RDF evidence data models are generated, SHACL rules are formulated to 
perform validation. These rules ensure that the data satisfies the preconditions for a given 
public service [44]. For example, SHACL rules might verify that the attributes of an RDF-
based evidence data model include required fields such as date of birth, in compliance 
with predefined criteria. These SHACL rules can be generated through the use of LLMs, 
which interpret policy documents and procedural requirements to construct validation 
logic. 

In this framework, the interaction between LLMs and SHACL validation processes 
ensures that public service recommendations are both accurate and context-aware. The 
LLM interprets unstructured policy and regulatory texts to generate RDF data models, 
while SHACL rules validate these models to enforce compliance with service precondi-
tions. This iterative process enhances the reliability of public service provision by reduc-
ing manual errors and aligning data models with regulatory standards. 

Building on these standards, the framework ensures that extracted preconditions and 
evidences are not modeled in isolation as “data silos” but are semantically based on rec-
ognized interoperability assets, primarily CPSV-AP and CCCEV. Rather than defining 
new ontologies, the framework reuses and extends these standards through canonical ev-
idence data models, which constitute as domain-specific application profiles of CPSV-AP, 
CCCEV, and related eGovernment Core Vocabularies. Reusing these standards in this 
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way, preserves semantic consistency across jurisdictions and domains in the public sector. 
and, subsequently, semantic interoperability allowing also data exchange among public 
administrations. 

Figure 2 presents a simplified example of the KG stemmed from the housing allow-
ance use case, indicating how different entities can link between citizen profile graph and 
public service nodes. 

 

Figure 2. Simplified example of KG depicting the relationships between public service, precondi-
tions (requirements), evidence and citizen profiles and the related SHACL rules. 

3.2.4. System Workflow 

The technical process of the proposed framework is split into two main phases: 

• Phase 1: Create Graph of Public Services and Integrate Preconditions as SHACL 
shapes. 

• Phase 2: Create Citizen Graph and Validate Preconditions. 

Phase 1: Create Graph of Public Services and Integrate Preconditions as SHACL 
shapes 

The purpose of this phase is to collect the preconditions from regulations and create 
the graph of public services that includes basic information of each public service and the 
extracted preconditions as SHACL shapes. 

Step 1. Gather PDF Regulations for Public Services 
Preconditions of public services are described within the regulations and policy doc-

uments of the related public service. These documents typically exist in unstructured PDF 
format that require intelligent document processing to extract the required information. 
The regulations serve as the primary source of information from which service eligibility 
precondition and evidence requirements are derived. 

Step 2. Chunking for Large Texts 
In many cases of extensive length of regulations, a chunking method can be em-

ployed to split the text into manageable segments. This is an important preprocessing step 
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that improves the accuracy and effectiveness of the LLM to extract the preconditions using 
a Retrieval-Augmented Generation (RAG) approach through a vector store to retrieve the 
most relevant sections having preconditions. To further improve the results, GraphRAG 
approaches can be employed that can provide further context through relationships indi-
cating promising results in the retrieval phase [53]. 

Step 3. Extract Parts That Mention Preconditions 
Having retrieved the relevant part containing preconditions within that can also fit 

in the context length of the LLM, we can utilize an LLM to identify and extract only the 
list of texts describing preconditions for each public service. The preconditions are still 
kept in their raw unstructured format, but any noise of text is minimized that can further 
improve the LLM accuracy in the next steps. For example, one precondition could be in 
its raw format “the applicant must be an adult”. 

Step 4. Extract Evidence Data Model from the Preconditions 
Once the preconditions are extracted and cleaned, the next step is to extract the evi-

dence data models associated with these preconditions. Such evidence data models rep-
resent the granular citizen data required to validate the precondition. Using the previ-
ously mentioned example of an applicant that must be an adult, the granular data needed 
in this case is the date of birth of the citizen. This extraction involves using sophisticated 
prompts to generate the final evidence data model in a structured format like RDF turtle 
which is a simplistic RDF serialization format that reduces any noise for the LLM as well. 
The model identifies the relevant evidence data from the preconditions and other data 
that are implicitly mentioned in the preconditions. Few-shot learning is also applied to 
improve accuracy of results, while prompt chaining techniques can also be employed to 
fix any inconsistencies in the LLM results and ensure higher quality of the evidence data 
models [54]. 

Step 5. Define Preconditions in RDF SHACL Rules 
In this step, the system combines the extracted evidence data models and the re-

trieved preconditions to be used as context for the LLM. We then prompt the LLM to 
generate the related SHACL shapes that represent the preconditions as constraints in the 
derived RDF KG of public services and preconditions. Therefore, any life changes in actual 
citizen data will automatically pass through the constraint checking mechanism of the 
SHACL shapes and subsequently provide recommendations to citizens for possible eligi-
bility on public services. 

In many cases, eligibility preconditions can include nested or exception rules. To con-
ceptually address this complexity, the framework’s prompting strategy with prompt 
chaining can guide the LLM to generate hierarchical or nested SHACL rules. For instance, 
a rule may specify that a residence must not exceed 200 m2, unless it is located in a munic-
ipality with fewer than 3000 inhabitants. Figure 3 demonstrates an example of nested 
SHACL rule. 
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Figure 3. An example of nested RDF SHACL shapes for expressing complex preconditions. 

Phase 2: Create Citizen Graph and Validate Preconditions 
This phase is focused on retrieving the required evidence data of the citizen in order 

to validate preconditions and provide recommendations for possible eligibility on apply-
ing to public services. 

Step 6. Use the Evidence Data Model to Retrieve Data for Each Citizen from Reg-
istries 

The aim of this step is to create the KG of citizen data that are based on the extracted 
evidence data models, allowing the automated validation of preconditions. It is known 
that, in most cases, citizen data in each country are scattered across different base registries 
of public administrations and there is no central registry containing all the data [12]. 
Therefore, to be able to request the required data from the specific base registry storing 
the data, a centralized “registry of registries” needs to be established. This registry of reg-
istries will act as a data catalog that is a KG containing the metadata and the related data 
models of each base registry. We can execute queries in SPARQL, which is an RDF query 
language, against this data catalog to locate the relevant data sources for each type of cit-
izen evidence required based on the evidence data models. Once the relevant registries 
are identified, the system sends requests to these registries to retrieve the specific data 
items needed for each citizen. To properly query the data, each base registry needs to 
securely expose a standard endpoint like a REST API or a SPARQL endpoint that will also 
ensure semantic interoperability between the different base registries. The retrieved data 
is then pushed into the citizen graph, MyGraph, a knowledge graph that consolidates cit-
izen data from various registries. MyGraph serves as the unified data source against 
which eligibility rules will be validated. 

Step 7. Validate preconditions with SHACL and provide recommendations 
Once MyGraph is created, the RDF SHACL rules are automatically applied by check-

ing whether the citizen data meet the preconditions defined for each public service. The 
rules automatically determine eligibility by comparing the citizen’s data against the pre-
defined precondition, effectively automating what would traditionally be a manual eligi-
bility assessment process. After validation, the system generates recommendations for 
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public services that the citizen may be eligible for. These recommendations are personal-
ized and proactive, delivered to citizens without the need for them to initiate the applica-
tion process. This proactive service provision improves the accessibility and efficiency of 
public service delivery, reducing the administrative burden on both citizens and govern-
ment agencies. 

These steps of the proposed framework are illustrated in Figure 4. 

 

Figure 4. Technical process of the proposed framework. 

3.2.5. Evaluation Plan 

While the current framework focuses mainly on the conceptual design and imple-
mentation of the prototype, an evaluation plan is proposed to assess the framework’s ef-
fectiveness in future extensions. Evaluation methods are based on standard practices in 
legislative text parsing and information extraction [48,51]. 

Accuracy of LLM Extraction: The extraction of public service preconditions from reg-
ulations will be assessed on annotations conducted by domain experts. Typical metrics 
like precision, recall and F1-score will evaluate the general accuracy and hallucinations of 
the extracted outcome provided by the LLM and follow established practices in recent 
LLM evaluation research [55–57]. Manual assessment performed in the current prototype 
phase already constitutes an initial qualitative baseline. Further comparison will be con-
ducted between simple and complex nested eligibility preconditions for proper SHACL 
rules generation. 

Prompt Optimization: Different prompting strategies and combinations will be com-
pared in terms of performance and quality of results in order to optimize accuracy and 
consistency. 

Baseline Comparison: Two reference methods will be compared with our framework: 

(i) Direct LLM prompting and RAG on regulation text without integration of KG. This 
setup represents the standard semantic engine approach, where the citizen data is 
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used to query on the public service data formed as regulation texts. Already com-
pared to the proposed framework, this approach assumes having access to the whole 
citizen profile data instead of only using the service-related data as mentioned in our 
framework following the data minimization principles in public service provision. 

(ii) GraphRAG method that will form the legislative texts as KG and will use the whole 
citizen profile data to query the graph and recommend eligible public services [53]. 

Scalability and Transferability: Apart from housing allowance, further examples will 
be compared on different levels of complexity and domains like educational grants or un-
employment benefits and on different sizes of data to evaluate the scalability of the frame-
work. 

4. Results: Use Case and Implementation 
In this section, we evaluate the feasibility of the proposed framework, focusing on a 

specific use case of public service provision in Greece where a university student can ap-
ply for housing allowance. Each public service is captured into regulations entailing the 
list of preconditions needed for the applicant to be eligible to apply. The regulation for the 
service to apply for housing allowance includes a specific article (Article 3) that lists the 
terms and preconditions [58]. 

The reference data for the related public service is provided by the Greek govern-
mental entity MITOS [59]. From there, we can retrieve the public service title and descrip-
tion, the name of the related regulation and subsequently call the API of the Greek Na-
tional Printing House (NPH) that provides the related regulation of the public service in 
PDF format (step 1). 

As the length of this regulation is short with approximately 7500 tokens, we skipped 
the chunking step that retrieves a related reduced segment of the text (step 2). For this 
case study, we utilize the LLM of OpenAI (San Francisco, United States), GPT-4o, which 
has shown state-of-the-art results in LLM leaderboards for information extraction [60]. We 
prompt the LLM to extract the list of all the preconditions required for a citizen to apply 
to this public service procedure. We use English language as it has better reasoning capa-
bilities and performance in this language. We also prompt the model to focus on the actual 
preconditions needed and not on any evidence or certificates (step 3). 

Then, in order to extract the evidence data model (step 4), we first provide the ex-
tracted list of preconditions and instruct the LLM to provide it in plain triples in the form 
of “concept1 > has_relationship > concept2” to reduce any noise and increase accuracy 
and we provide the following main guidelines: 

• Use generalized entities (e.g., Person, Income, Residence, Education) and their direct 
relationships. 

• Exclude any calculated or aggregated properties, focusing only on fundamental mas-
ter data. It is crucial to consider evidence data in the most granular level, so that they 
can be aligned with the retrieved citizen data of MyGraph. 

• Represent relationships in a way that allows for external calculations (e.g., family 
income derived from individual incomes via Person > has_parent > Person). This is 
important for the proper generation of the SHACL rules to validate preconditions. 

• Group related concepts under broader entities. For example, if there are multiple 
concepts related to education (like the concept variables CourseResult, Education-
Program), they should be grouped under a single Education entity to reflect their 
hierarchical relationship. 

• Avoid precondition-specific eligibility criteria in the evidence data model itself. The 
purpose of this instruction is to ensure that no eligibility criteria are integrated into 
the evidence data model. 
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Additionally, we use few-shot learning by providing examples of canonical evidence 
data models from existing research that are also based on CCCEV and CPSV-AP [53]. 
These include the Birth Canonical Evidence and Secondary Education Diploma Canonical 
Evidence models as examples for structuring classes, properties, and relationships. These 
examples can help the model to understand patterns on how to define the different classes 
for the required evidence data model. Finally, in this step, we apply prompt chaining to 
fix any inaccuracies of the data model and ensure a proper hierarchy and to generate the 
data model in RDF turtle format. 

In the final step of Phase 1 (step 5), we combine the extracted preconditions and the 
evidence data model to prompt the LLM to generate the related SHACL rules that auto-
matically validate the eligibility of the given citizen to the public service preconditions. 
Prompt chaining can also be applied to further improve the robustness of the results. 

The results (Phase 1) of the different steps of the case study are presented in Table 1. 
The implementation has been conducted on KNIME Analytics Platform data science plat-
form and the related code is available on GitHub [61]. 

Table 1. Example of processing steps for a specific public service regulation. 

Step Description Outcome 

Step 1 
The full text of the 

regulation in PDF for-
mat 

PDF of Greek Government Gazette Issue B 2993/2017—decision number 140832/Ζ1 

Step 2 
List of extracted pre-
conditions in textual 

format 

1. The annual family income of the previous year must not exceed thirty thousand 
(30,000) euros, increased by three thousand (3000) euros for each dependent child be-

yond the first. 

  
2. The student must reside in a rented house due to their studies in a city other than their 
main residence, where neither they nor their parents have full ownership or usufruct of 

another residence. 
  3. The lease must be valid for at least six (6) months within the academic year for which 

the allowance is requested. 

  
4. The parents of the student or the student themselves must not be owners or usufructu-

aries of residences (self-used or rented) exceeding two hundred (200) square meters in 
total, with exceptions for residences in municipalities or communities with a population 

of less than three thousand (3000) inhabitants. 
  5. The student must have successfully passed half of the courses of the previous aca-

demic year for which the allowance is requested. 

  
6. The allowance is granted for as many years as the years of study of the respective 

school or department, according to their regulations, including the time during which 
they received the allowance while studying in another department or school. 

  7. The allowance is granted to all undergraduate students of a family, provided that all 
the above conditions are cumulatively met. 

  8. Students who are pursuing a second degree, regardless of the method of their admis-
sion to higher education, are not entitled to the housing allowance. 

  
9. Students who have exceeded the duration of studies required for obtaining their de-
gree, according to the indicative study program, are not entitled to the housing allow-

ance. 
  10. Students residing in student dormitories or provided with accommodation by their 

school are not entitled to the housing allowance. 

Step 4 Extracted evidence 
data model 

The full evidence data model is presented in Appendix A.1 

Step 5 
SHACL rules that 
validate precondi-

tions 
The full SHACL rules are presented in Appendix A.2 
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While this case focuses on Greek student housing allowance, the framework is de-
signed to be domain-agnostic. The same process of extracting preconditions, identifying 
the evidence data model and generating the RDF SHACL rules can apply across different 
domains like unemployment benefits and family allowance, where using prompting strat-
egy and steps we can identify the underlined eligibility preconditions for a given citizen 
towards proactive public service recommendation. Even in this examined case of Greek 
housing allowance, the canonical models used were on a different domain for birth and 
marriage certificates. 

5. Discussion 
The fusion of KGs and LLMs within a neuro-symbolic AI framework lays the ground-

work for transformative advancements in public service provision. By aligning the struc-
tured reasoning of KGs with the adaptive capabilities of LLMs, governments can deliver 
services that are accurate, personalized, and timely. This aligns with the vision of a NSG, 
where services anticipate and fulfill citizen needs proactively and equitably. 

In addition, the framework leverages LLMs to extract complex eligibility rules from 
legal texts and transform them into structured, computable formats. This capability elim-
inates the need for manual interpretation of regulations and ensures that service precon-
ditions remain accurate and up-to-date, even as policies evolve. To that end, the use of 
KGs in this framework ensures the automatic flexibility to changes in evidence data mod-
els and citizen data. 

Building on these improvements, the framework enables a proactive approach to 
public service recommendations, aligning closely with the vision of NSG. By leveraging 
semantic reasoning and integrated user profiles, the system anticipates citizen needs 
based on life events or contextual changes, such as a change in employment status or fam-
ily composition. This proactive functionality allows governments to recommend services 
in a timely and relevant manner, reducing the burden on citizens to identify and apply 
for services themselves. 

Furthermore, while certain canonical evidences were used in this prototype imple-
mentation, the fact that these evidences are from a different domain (personal life events) 
than the domain tested (student housing allowance) strengthens the level of adaptation 
of the framework in other domains. 

5.1. Limitations and Future Challenges 

Despite its potential, the framework faces significant limitations and challenges that 
must be addressed for widespread adoption and success. The current framework has been 
validated by a prototype that presents the core components of precondition extraction, 
evidence data modeling and generation of SHACL rules to provide public service recom-
mendations in a proactive manner. Although the pipeline is not yet end-to-end opera-
tional, the implemented use case and proposed architecture verify the feasibility of this 
neuro-symbolic method and form a strong basis for further developing and operational-
izing an end-to-end public service recommendation engine. 

• Data Fragmentation and Quality Issues: Public sector data is often dispersed across 
administrative silos, with inconsistencies in format, completeness, and accuracy. 
These issues pose significant challenges for interoperability and integration that need 
to be further addressed in Phase 2 of the framework. The reliance on high-quality, 
standardized data also limits the framework’s applicability in regions where digital 
infrastructure and data governance are less developed. 

• Legal and Policy Complexities: Eligibility criteria and service regulations not only 
vary significantly across jurisdictions but also often involve deep and complex data 
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models that are embedded within dense legal texts. This complexity poses challenges 
for scalability and necessitates continuous updates to accommodate changes in reg-
ulations. The dynamic nature of policies, combined with their intricate structures, 
further complicates the integration of these updates into existing systems. One solu-
tion could be the representation of regulations as KGs that can address these chal-
lenges more effectively within the framework. KGs provide a flexible and structured 
representation of legal rules and eligibility conditions, enabling systems to dynami-
cally adapt to policy changes. This approach streamlines the process of incorporating 
new or revised regulations while ensuring consistency and scalability across jurisdic-
tions. Although the proposed framework can theoretically express nested and excep-
tion logic through SHACL rules, the current implementation has been limited to less 
complex rules. Future work will focus on developing full support for more nested 
dependencies and exception handling. 

• Inaccuracies in AI Systems: Employing technologies like LLMs in public administra-
tion can introduce both technical and governance risks. While LLMs provide ad-
vanced capabilities for interpreting legislative texts, their outputs are not always pre-
cise, that can lead to hallucinations or biases. Errors in parsing or formalizing pre-
conditions could lead to incorrect recommendations, impacting citizen trust and ser-
vice delivery. The “black-box” nature of LLMs also raises concerns about explaina-
bility, particularly in high-stakes applications. 

• Privacy and Trust Concerns: The framework’s reliance on sensitive citizen data in-
troduces challenges related to privacy, trust, and compliance with regulations such 
as GDPR [47]. Ensuring robust data protection while maintaining transparency in 
how personal data is used and stored remains a critical concern. Without public trust 
in these systems, adoption may face significant resistance. 

• Data Governance: As the data is retrieved from the different base registries to a cen-
tral KG, this could lead to data governance issues like data ownership, data sharing 
and reuse. Further analysis can be conducted on the use of federated KGs where each 
data-owning authority keeps its own KG. 

• Changes in Regulations: Modifications and updates in regulations have not been ad-
dressed in the current framework. Further analysis needs to be conducted on apply-
ing NLP and LLMs to store the different versions of regulations over time and the 
dependencies between them. 

Nevertheless, the framework helps at tackling certain risks and concerns. As the pub-
lic service preconditions are expressed in the form of SHACL rules in the KG, the recom-
mendations are grounded in an explainable and human-readable logic. This approach al-
lows having humans-in-the-loop, where providing explainable recommendations 
through the generated SHACL rules both introduces less risks and accountability issues 
while the citizens are encouraged to carefully verify the accuracy of AI-generated recom-
mendations. Furthermore, as the citizen information stored in the KG is minimized ac-
cording to the public service precondition requirements, the framework adheres to data 
minimization principles. 

5.2. Future Directions 

The limitations identified provide a basis for future research and development. Aca-
demic scholars and practitioners can explore several paths to build upon the proposed 
framework and address the challenges it presents. 

One critical area of focus is improving data integration and interoperability across 
fragmented public sector datasets. Future research should investigate the development of 
federated data models and KGs that respect the autonomy of individual registries while 
enabling seamless collaboration across agencies. Additionally, standardized semantic 
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vocabularies or documentations of APIs are essential for harmonizing data formats, en-
suring consistent evidence modeling, and enabling cross-agency interoperability. Explor-
ing decentralized technologies, such as blockchain [62], could provide secure and tamper-
proof mechanisms for data sharing, further strengthening the trust and reliability of pub-
lic sector data integration. 

Another promising direction lies in advancing the interpretation of legislative texts, 
a key component of the framework. LLMs hold immense potential for extracting eligibility 
criteria from complex legislative documents, but their domain-specific accuracy can be 
enhanced through fine-tuning on curated datasets of administrative texts. Combining 
LLMs with neuro-symbolic approaches, where structured reasoning capabilities of KGs 
complement the interpretive flexibility of LLMs, could further improve the reliability of 
these systems. Research into benchmarking methods, for assessing and validating AI-
driven interpretations against human-expert evaluations would also contribute to their 
refinement. 

Establishing a secure infrastructure for obtaining citizen graphs from base registries 
is a critical challenge, particularly in Phase 2 of the framework. Ensuring robust commu-
nication channels between registries and the system requires implementing advanced en-
cryption protocols, secure APIs, and resilient authentication mechanisms to safeguard 
sensitive citizen data from potential breaches or misuse. Future research should explore 
the design and deployment of such secure infrastructure, emphasizing interoperability 
and compliance with data protection regulations. Additionally, the feasibility of integrat-
ing open-source LLM solutions that can be self-hosted within the business owner’s envi-
ronment merits further investigation. Self-hosted LLMs provide a way to enhance data 
privacy and security by eliminating dependencies on external, third-party resources, 
while also offering greater control over the models’ behavior and updates. Research 
should evaluate the performance, scalability, and cost-effectiveness of these solutions, 
alongside their compatibility with the broader framework. 

The framework’s applicability can be broadened by expanding its use cases and test-
ing it in diverse contexts. Exploring its implementation in sectors such as healthcare, dis-
aster management, and education would demonstrate its versatility and scalability. Fur-
thermore, cross-border service provision presents a unique opportunity to evaluate the 
framework’s ability to operate within regional frameworks like the European Union, 
where interoperability between countries is paramount. 

Finally, the ethical and inclusive deployment of AI in public service systems should 
be a priority. Establishing ethical guidelines that ensure fairness, accountability, and in-
clusivity in AI-driven decision-making is essential for fostering equitable governance. Fu-
ture research should examine potential risks, such as algorithmic bias or systemic inequi-
ties, and propose strategies to mitigate these challenges. Additionally, adaptive and resil-
ient system designs capable of dynamically incorporating policy updates and responding 
to changes in citizen profiles are critical for ensuring the long-term sustainability and rel-
evance of the framework. 

6. Conclusions 
This research paper presented a framework for transforming public service provision 

into a data-centric model, leveraging the synergy of KGs and LLMs. By formalizing ser-
vice preconditions and evidence into machine-readable formats and dynamically aligning 
them with citizen profiles and evidence data models, the framework addresses inefficien-
cies inherent in document-centric workflows. This approach enables proactive, personal-
ized public service recommendations, aligned with the vision of an NSG. 

KGs and LLMs display critical limitations if considered separately. In many cases, 
KGs require manual construction and curation and are prone to errors, often incomplete, 
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and fail to interpret relationships from unstructured text. On the other hand, LLMs can 
suffer from hallucinations, limited explainability and factual inaccuracies. They fail to rea-
son as the level of complexity increases and their probabilistic nature makes it difficult to 
explain their results. 

The integration of neuro-symbolic AI combines the structured reasoning capabilities 
of KGs with the interpretive flexibility of LLMs, ensuring both transparency and adapta-
bility to evolving legal and policy landscapes. Key contributions include the formalization 
of eligibility preconditions, the creation of dynamic citizen graphs, and the automated 
validation of service preconditions to provide recommendations, all of which improve 
accessibility and reduce administrative burdens. Overall, this research paper proposes a 
framework with a prototype that automates extraction of public service preconditions and 
recommendations of eligibility, showcasing technical feasibility and providing a solid 
path towards a full-scale implementation. 

While challenges such as data fragmentation, legal complexities, and privacy con-
cerns remain, the proposed framework offers a compelling foundation for future research 
and practical application, paving the way for more efficient, equitable, and citizen-focused 
public service delivery. 
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@prefix : <http://example.org/schema#> . 

@prefix rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> . 

@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> . 

 

:Person a rdfs:Class . 

:Income a rdfs:Class . 

:Residence a rdfs:Class . 

:Education a rdfs:Class . 

:Accommodation a rdfs:Class . 

:Location a rdfs:Class . 

 

:has_income a rdf:Property ; 
    rdfs:domain :Person ; 
    rdfs:range :Income . 

 

:has_property a rdf:Property . 

 

:year a rdf:Property ; 
    rdfs:domain :Income ; 
    rdfs:range rdfs:Literal . 

 

:amount a rdf:Property ; 
    rdfs:domain :Income ; 
    rdfs:range rdfs:Literal . 

 

:type a rdf:Property ; 
    rdfs:domain :Income, :Residence, :Accommodation, :Location ; 
    rdfs:range rdfs:Literal . 

 

:has_residence a rdf:Property ; 
    rdfs:domain :Person ; 
    rdfs:range :Residence . 

 

:location a rdf:Property ; 
    rdfs:domain :Residence ; 
    rdfs:range rdfs:Literal . 

 

:size a rdf:Property ; 
    rdfs:domain :Residence ; 
    rdfs:range rdfs:Literal . 

 

:lease_duration a rdf:Property ; 
    rdfs:domain :Residence ; 
    rdfs:range rdfs:Literal . 

 

:has_relationship a rdf:Property ; 
    rdfs:domain :Person ; 
    rdfs:range :Person . 

 

:role a rdf:Property ; 
    rdfs:domain :Person ; 
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    rdfs:range rdfs:Literal . 

 

:has_education a rdf:Property ; 
    rdfs:domain :Student ; 
    rdfs:range :Education . 

 

:institution a rdf:Property ; 
    rdfs:domain :Education ; 
    rdfs:range rdfs:Literal . 

 

:program a rdf:Property ; 
    rdfs:domain :Education ; 
    rdfs:range rdfs:Literal . 

 

:courses_passed a rdf:Property ; 
    rdfs:domain :Education ; 
    rdfs:range rdfs:Literal . 

 

:study_duration a rdf:Property ; 
    rdfs:domain :Education ; 
    rdfs:range rdfs:Literal . 

 

:degree_status a rdf:Property ; 
    rdfs:domain :Education ; 
    rdfs:range rdfs:Literal . 

 

:has_accommodation a rdf:Property ; 
    rdfs:domain :Student ; 
    rdfs:range :Accommodation . 

 

:population a rdf:Property ; 
    rdfs:domain :Location ; 
    rdfs:range rdfs:Literal . 

Appendix A.2 

Full SHACL rules for the MITOS use case (Section 3) expressing the preconditions 
eligibility recommendations. 

@prefix sh: <http://www.w3.org/ns/shacl#> . 

@prefix ex: <http://example.org/schema#> . 

@prefix xsd: <http://www.w3.org/2001/XMLSchema#> . 

 

ex:PersonShape 

    a sh:NodeShape ; 
    sh:targetClass ex:Person ; 
    sh:property [ 

        sh:path ex:has_income ; 
        sh:node ex:IncomeShape ; 
    ] ; 
    sh:property [ 

        sh:path ex:has_residence ; 
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        sh:node ex:ResidenceShape ; 
    ] ; 
    sh:property [ 

        sh:path ex:has_relationship ; 
        sh:node ex:RelationshipShape ; 
    ] ; 
    sh:property [ 

        sh:path ex:has_education ; 
        sh:node ex:EducationShape ; 
    ] ; 
    sh:property [ 

        sh:path ex:has_accommodation ; 
        sh:node ex:AccommodationShape ; 
    ] . 

 

ex:IncomeShape 

    a sh:NodeShape ; 
    sh:property [ 

        sh:path ex:year ; 
        sh:datatype xsd:gYear ; 
    ] ; 
    sh:property [ 

        sh:path ex:amount ; 
        sh:datatype xsd:decimal ; 
        sh:maxInclusive 30000 ; 
    ] ; 
    sh:property [ 

        sh:path ex:type ; 
        sh:in ("salary" "business" "investment") ; 
    ] . 

 

ex:ResidenceShape 

    a sh:NodeShape ; 
    sh:property [ 

        sh:path ex:location ; 
        sh:node ex:LocationShape ; 
    ] ; 
    sh:property [ 

        sh:path ex:size ; 
        sh:datatype xsd:integer ; 
        sh:maxInclusive 200 ; 
    ] ; 
    sh:property [ 

        sh:path ex:lease_duration ; 
        sh:datatype xsd:duration ; 
        sh:minInclusive "P6M"^^xsd:duration ; 
    ] ; 
    sh:property [ 

        sh:path ex:type ; 
        sh:in ("rented") ; 
    ] . 
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ex:RelationshipShape 

    a sh:NodeShape ; 
    sh:property [ 

        sh:path ex:role ; 
        sh:in ("parent" "spouse" "child") ; 
    ] . 

 

ex:EducationShape 

    a sh:NodeShape ; 
    sh:property [ 

        sh:path ex:institution ; 
        sh:datatype xsd:string ; 
    ] ; 
    sh:property [ 

        sh:path ex:program ; 
        sh:datatype xsd:string ; 
    ] ; 
    sh:property [ 

        sh:path ex:courses_passed ; 
        sh:datatype xsd:integer ; 
        sh:minInclusive 0.5 ; 
    ] ; 
    sh:property [ 

        sh:path ex:study_duration ; 
        sh:datatype xsd:duration ; 
    ] ; 
    sh:property [ 

        sh:path ex:degree_status ; 
        sh:in ("completed" "in-progress") ; 
    ] . 

 

ex:AccommodationShape 

    a sh:NodeShape ; 
    sh:property [ 

        sh:path ex:type ; 
        sh:in ("apartment" "house") ; 
    ] . 

 

ex:LocationShape 

    a sh:NodeShape ; 
    sh:property [ 

        sh:path ex:population ; 
        sh:datatype xsd:integer ; 
        sh:maxInclusive 3000 ; 
    ] . 
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