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Abstract
Public procurement generates over $13 trillion annually, yet data about public buyers and suppliers remains frag-
mented, inconsistent, and difficult to link across jurisdictions. This paper presents a practical industrial solution
developed by Spend Network within the European project enRichMyData to semantically enrich and reconcile
procurement data at scale. The proposed pipeline combines large language models (LLMs) with knowledge graphs
(KGs) to create and maintain a canonical register of public sector entities. It supports multilingual, cross-border
integration and is designed to serve both public transparency and commercial applications. The pipeline has
been evaluated on a manually curated benchmark of 1,000 procurement-related entities and demonstrates high
precision and scalability in real-world settings.
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1. Introduction

Government procurement is a key area of public spending and accountability, with over $13 trillion
annually spent worldwide. Despite the introduction of standards like the Open Contracting Data
Standard (OCDS) [1, 2, 3], data about government buyers and suppliers remains difficult to reconcile
due to inconsistencies in naming, multilingual variations, and missing canonical references. This
hampers transparency, compliance checks, and cross-border cooperation. Knowledge graphs such as
Wikidata [4] provide a foundation for such reference alignment.

In the past, entity matching efforts using standard fuzzy matching techniques (e.g., Levenshtein
Distance) often resulted in poor performance, with either high false negatives or false positives, making
large-scale reconciliation economically unviable.
To address this challenge, within the enRichMyData project1, we developed for Spend Network2

(the largest known collection of OCDS procurement records) a semantic linking pipeline that supports
the creation of a canonical, structured, and continuously updated register of public sector entities.
This register supports multiple use cases ranging from compliance (e.g., Environmental, Social, and
Governance (ESG) reporting or procurement law) and cross-border collaboration to sales intelligence
and civil society oversight.

2. Semantic Linking Strategy

The pipeline follows a hybrid architecture combining knowledge graphs with large language models.
This approach builds on advances in transformer-based models such as BERT [5]:
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1. Candidate Generation: Entities are extracted from procurement datasets and matched against
canonical references using hybrid search combining vector similarity and approximate string
matching.

2. Ranking and Validation: LLMs rank and validate candidate entities in context. Entities are
approved automatically when confidence is high or reviewed manually in ambiguous cases. This
process is informed by prior work on zero-shot and neural-based entity linking [6, 7, 8].

3. Reconciliation and Enrichment: Once linked, entities are enriched with structured data from
public registers (e.g., URLs, legal identifiers, sectors) and linked to a central reference.

4. Access and Integration: The data is made available via APIs and downloadable formats to
support dashboards, compliance systems, and bulk integration with private and public tools.

As shown in Figure 1, the full pipeline processes OCDS procurement data through enrichment,
linking, and delivery to end-user dashboards. A more detailed view of the semantic linking layer using
LLMs and validation workflows is shown in Figure 2.

Figure 1: Overview of the procurement data linking pipeline, from OCDS data to dashboards.

3. Deployment Context

Spend Network maintains the largest known collection of OCDS procurement records, with over 180
million entries aggregated from EU and international sources [9]. Within the enRichMyData project,
the aim is to build a public register of entities that are legally required to publish procurement records
under the EU Procurement Directive. The envisioned service is designed to support both public interest
(e.g., transparency, compliance) and commercial use (e.g., data integrations via API or bulk access). It
builds on Spend Network’s existing infrastructure and leverages the enRichMyData toolbox to support
entity discovery, classification, cleansing, and reconciliation.

4. Ground Truth and Evaluation

To evaluate the linking pipeline, we created a ground truth dataset of 1,000 procurement-related entries.
Each row is annotated with a Wikidata entity ID or marked as NIL where no appropriate match exists.
Approximately 22.9% of the dataset contains such NIL cases, reflecting realistic ambiguity and out-of-
knowledge scenarios. The experiments were conducted using the Lion Linker3, an open-source entity
linking python library developed within the enRichMyData project.
3https://github.com/enRichMyData/lion_linker
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We evaluated multiple LLMs across different prompt configurations using precision@1 as our metric.
Since each model outputs exactly one prediction per row and we always provide ground truth, this
measure effectively captures system accuracy without confounding effects from recall. It aligns with
standard evaluation practices in entity linking and retrieval benchmarks [10, 11]. The best-performing
model (Gemma3:12b, few-shot prompt) achieved a precision@1 of 77.7%. The ground truth dataset is
publicly available on Zenodo.4

Figure 2: Semantic linking and enrichment process using language models and validation layers.

5. Business Value and Use Cases

The solution addresses concrete needs:

• Public sector: Enables compliance checks, inter-agency collaboration, and accurate public
registers [9, 12, 13].

• Private sector: Supports due diligence, Environmental, Social, and Governance (ESG) reporting,
and Customer Relationship Management (CRM) system integration.

• Civil society: Empowers journalists, NGOs, and citizens with better transparency tools.

The pipeline powers OpenOpportunities5 and has been adopted in multiple use cases including a
national compliance system in a non-EU European country.

6. Lessons Learned and Future Work

Lessons: Hybrid pipelines improve linking accuracy. Confidence scoring reduces human validation
needs. Reconciliation across multilingual and evolving registers remains a challenge.

Next steps: Scale coverage across the EU, increase multilingual robustness, and expand entity types
to cover beneficial owners and subnational bodies.
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