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Abstract. This work addresses the challenge of classifying public sector organizations across multiple European languages
using only their official names, a critical step for entity disambiguation in knowledge graph population. We employ ontology-
based knowledge extraction to evaluate three Natural Language Processing approaches: rule-based keyword extraction, zero-shot
Natural Language Inference, and embedding-based semantic similarity —under low-context, low-resource assumptions. Large
Language Models are integrated accross all three techniques. Our methodology systematically evaluates multilingual prepro-
cessing, various state-of-the-art models, different supervision regimes, classification structures, and parameter optimization. We
conduct a detailed evaluation across three specific domains (healthcare, administration, education) spanning all European Union
countries, analyzing performance in relation to lexical structure and class balance.

Results demonstrate that lightweight rule-based methods, particularly TF-IDF keyword selection, are effective in multilingual
scenarios with some training data available. Natural Language Inference models offer competitive zero-shot performance but
show deficiencies with unbalanced class distribution. Embedding-based methods provide the most consistent generalization
across languages, with evidence of class coherence in vector space. This work highlights the feasibility of ontology-guided
model training from short texts and which can prove valid approaches to entity disambiguation challenges in formal knowledge
representation systems, particularly when integrating diverse European organizational entities into structured knowledge bases.
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1. Introduction

Proper names can, in certain domains, carry descriptive information about an entity’s function, scope, or affil-
iation. In the case of organizations, names frequently reflect institutional roles, legal status, or sectoral domains.
This quality renders them particularly valuable when name may constitute the only accessible representation of an
entity and, when systematically extracted, can support ontology-driven classification and entity disambiguation in
knowledge graphs.

Inferring information about entities based solely on their names is a foundational task in natural language pro-
cessing and knowledge engineering. It supports semantic interpretation, entity linking, and structural categorization
when richer metadata is unavailable. In particular, within the broader task of Entity Linking [55], one of the sub-
tasks is Entity Type Classification which serves the important function of reducing the search space downstream.
Similarly, in Named Entity Recognition, Entity Classification is one of the key steps with modern benchmarks such
as FewNERD [15] highlighting the increasing necessity for classification in complex scenarios. While general-
purpose named entity recognition methods are designed to identify and broadly type entities within rich textual
contexts; most are ill-suited to the problem of fine-grained classification from a name string in isolation, without
semantic context. Robust name-based classification methods are therefore essential, not only for extracting key
attributes, but also for enabling accurate entity resolution, knowledge graph population, and data integration pro-
cesses.

The task of organization classification itself serves several critical functions across the public and private sec-
tors. In the context of European public institutions, a finer entity categorization provides deeper insights, enabling
knowledge engineers to not just identify who organizations are, but but to properly classify them according to their
functional domains and operational roles, enhancing the semantic richness of knowledge representations. Improved
access to structured organizational data supports multiple governance goals:

– Efficient Public Procurement: Improved data may allow institutions to better identify target groups for fund-
ing or policy interventions through precise entity linking.

– Transparency and Market Integrity: Detailed classification of organizations improves transparency and fa-
cilitates cross-dataset entity resolution, reducing ambiguity when populating knowledge graphs.

– Regulatory Harmonization: Standardized categorization enables cross-national entity alignment, ontology
mapping, and consistent knowledge representation across European information systems.

– Private Sector Oversight: Visibility into organizational structures aids in detecting conflicts of interest, tracing
beneficial ownership, and identifying systemic vulnerabilities during crises.

In large-scale administrative datasets, such as public procurement registries, organizational entries are frequently
recorded with no accompanying metadata beyond a name string. Knowledge extraction must therefore operate on
the name alone. Whereas in the domains of finance, economics, and business operations, organization classification
enables investment and risk management through peer-group comparisons, it also supports performance bench-
marking against similar entities. Finally, it allows for a variety of analysis such as competitor, market-share and
sales studies.

The motivation for these methods is further reinforced by recent comparative analyses of NLP-based models,
ranging from zero-shot learning to deep learning classifiers, which demonstrate the feasibility of automating orga-
nization classification across diverse industry tasks using existing semantic datasets. By shifting toward ontology-
grounded classes, these systems can accommodate flexible and evolving classification targets within extensive hier-
archies. This provides a structured alternative to the generative "Generative Information Extractors" [78] popularized
through LLM-based methods. While generative models are undoubtedly competitive, grounding these extractors in
verified knowledge bases like Wikidata ensures a less resource-intensive, less hallucination-prone approach, and by
virtue of open access to the training corpus, more interpretable as well.

These challenges are directly reflected in the author’s involvement in an EU-funded study on healthcare public
procurement. ProCure, formally titled “Public Procurement Assessment in the Healthcare Sector,” is an EU-funded
initiative involving multiple European countries aimed at assessing and enhancing public healthcare procurement
practices, particularly in the aftermath of health crises such as the COVID-19 pandemic. Its central goal is to identify
best practices and strengthen procurement resilience across Europe, requiring precise categorization of healthcare
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entities—particularly hospitals—to inform policy decisions effectively. One specification of the data analysis tool
developed for this study, named EU Contract Hub [84], is the accurate identification of hospitals and university
hospitals among public procurers across Europe. This task exemplifies the broader difficulties discussed next: oper-
ating in a multilingual, data-sparse environment where organization names serve as the primary source of semantic
information. The methods developed in this work aim to support such classification tasks, while also contributing to
the larger goals of knowledge graph population and semantic interoperability across European information systems
[58] [18].

1.1. Problem Definition

Semantic classification of organization names in a cross-national European context presents several non-trivial
challenges for entity disambiguation and knowledge graph population. First, the multilingual landscape comprising
24 official EU languages and several co-oficial or regional variants introduces substantial linguistic variation. Par-
ticularly public sector naming conventions tend to integrate regional languages more commonly. This study spans
organization names in 29 European languages, covering Germanic, Romance, Slavic, Uralic, Baltic, and Celtic
families, as well as typological isolates such as Basque and Maltese. These languages differ in morphological com-
plexity, compounding, and orthographic norms. Highly inflected languages (e.g., Finnish, Hungarian) and those
with extensive lexical compounding (e.g., German, Dutch) pose particular challenges for tokenization, rule-based
methods, and semantic segmentation. Second, the lack of unified language processing tools for multilingual clas-
sification complicates implementation. Deploying a set of comparable language-specific models and processing
techniques introduces design constraints and computational overhead. Furthermore, substantial variability in model
performance across languages derived from these disparities in the underlying language models’ coverage and task
difficulty, complicates direct comparison of classification scores. Third, the inherent brevity and semantic ambi-
guity of proper names significantly hinder entity disambiguation accuracy and most methods in the literature have
not been tested under edge conditions with no further input. Finally, the task requires a pragmatic balance between
model complexity and operational efficiency. Given its narrow scope, organization name classification does not jus-
tify the computational overhead of large-scale models. Instead, lightweight methods—appropriately tuned—often
yield competitive results with greater interpretability and lower resource requirements, which is essential for prac-
tical knowledge graph population workflows. In this paper, the term low-resource will refer to the characteristics of
the execution environment: restricted in volatile memory, hard-drive volume and consumer-grade hardware, where
all executions, datasets and models will be deployed.

To address these challenges, this study proposes leveraging structured knowledge bases (i.e. Wikidata) to generate
the ground truth labels for entities. By querying property hierarchies via SPARQL, this method enables adaptable
ground truth generation, which can be repurposed for any classification tasks within the knowledge graph’s semantic
scope. This study implements multiple classification strategies.

The primary challenge in classifying public sector organizations stems from the extreme brevity of a single name
string which must be accurately mapped to complex, sometimes hierarchical classes, across 24 countries and 29
languages. To address these varying degrees of linguistic and structural complexity, our methodology is organized
into three distinct families that progressively move from deterministic heuristics to latent semantic representations.
In administrative settings, classification decisions must often be traceable for transparency or regulatory purposes.
This requirement leads to our first family: (i) Rule-based systems. By utilizing regular expression (regex) match-
ing against domain-specific keywords, we can ensure that the model’s logic remains immediately interpretable by
human experts. Rule-based systems serve as an interpretable baseline, though they require labelled data. To handle
settings without the need for laborious manual annotation, we investigate (ii) Zero-shot classification via Natural
Language Inference (NLI). By reformulating classification as an entailment problem we leverage the cross-lingual
knowledge of pre-trained transformers to evaluate task performance in the complete absence of labeled training
entities, enabling the categorization of inputs into classes the model has never explicitly encountered. Finally, to
determine if the class of an organization is captured beyond lexical features, we must investigate the underlying
semantic structure of the data. This motivates the use of (iii) Embedding-based methods. By converting organiza-
tion names into dense, high-dimensional vector representations using models like RoBERTa or E5, we can assess
whether these systems naturally capture the hierarchy defined in Wikidata’s ontology.



4 A. del Ser and C. Badenes-Olmedo / Linguistic Patterns in Organization Names

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

1.2. Research Questions

Building on the methodological foundation outlined above, this study formulates a set of research questions to
guide the empirical evaluation of classification approaches. These questions are designed to assess not only the
performance of different models and techniques but also their ability to capture meaningful semantic patterns and
domain distinctions for entity disambiguation in multilingual organizational data.

– RQ1: How effectively can general-purpose Natural Language Processing (NLP) techniques trained on knowl-
edge graph data distinguish between medical, government, and educational multilingual organizations by name
alone?

– RQ2: In which aspects do naming conventions of public sector organizations exhibit significant semantic
variation across different European Union members, and how effectively can these variations be captured,
interpreted, and mitigated using multilingual NLP techniques?

2. Background

The task of classifying organizations, whether they be companies, non-profit entities, or public service institutions
such as hospitals and schools, has evolved into a core task of modern economic analysis and academic research. Tra-
ditionally, the categorization of entities relied on manual labor by domain experts using established, rigid standard
taxonomies.

One common example is industry classification, which involves grouping into categories based on shared charac-
teristics, such as business activities, market performance and reports. Standardized industry classification systems
include the Global Industry Classification Standard (GICS) [48], the Standard Industrial Classification (SIC) or the
North American Industry Classification System (NAICS) [26]. While GICS and NAICS dominate the private cor-
porate sector, the classification of public organizations, civic entities, and non-profits relies instead on the National
Taxonomy of Exempt Entities (NTEE)[50] with industry groups, among others, education and hospitals. In the Eu-
ropean Union the categorization of public entities, the processing of procurement contracts, and the delineation of
economic sectors relied on similar frameworks, most notably the Statistical Classification of Economic Activities in
the European Community (NACE) [25]. The European Union fundamentally relies on highly standardized, hierar-
chical vocabularies to establish semantic interoperability across its diverse member states. Another key taxonomy,
this time standardizing the object of procurement contracts is the Common Procurement Vocabulary (CPV) [19].
Public organizations have specific characteristics that enable alternative formulations. On one hand, they tend to
contain more descriptive information on their name. While private corporations might include designations such
as ’Ltd.’, we can expect hospital names to contain ’hospital’, schools to be named after a historical figure or local
governments to include the name of the region. While this might seem trivial, it does complicate with the intro-
duction of diverse regions. Public organizations can in many domains be identified with a physical building. While
ontologically, organization and building are not the same entity, in terms of data, they share many properties. Some
approaches link OpenStreetMap (https://www.openstreetmap.org) data to organizational records [60], to knowledge
graphs [13, 62, 63, 82], and specifically to Wikidata [40].

In recent years, public institutions and academic researchers have initiated a shift toward Natural Language Pro-
cessing (NLP), and the deployment of transformer-based Large Language Models (LLMs). These technologies map
administrative data to standardized EU taxonomies. In e-procurement research, the automation of CPV code assign-
ment is a classification task commonly approached through two distinct paradigms: discriminative text classification
and generative modeling tasks [57]. However, due to class imbalance at more granular levels, training algorithms
suffer from a lack of examples. That issue is approached by using pre-trained language models that rely on the se-
mantic signal of the label [47]. While the CPV classifies the subject matter of contracts, NACE Revision 2 organizes
economic activities into a four-level hierarchy. The challenge in modeling the NACE taxonomy itself via NLP is
dimensionality reduction without collapsing the hierarchical topology of the economic framework, which has been
attempted in [65] through iterative processing of descriptions. Simultaneously, some approaches rely on Support
Vector Machines (SVM) to predict NACE codes utilizing text scraped from web pages [36]. NACE classification

https://www.openstreetmap.org
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of organizations has been utilized for diverse downstream tasks such as enhancing retrieval, grounding answers
and further classification[3, 79]. To address structured label spaces, Hierarchical Text Classification methods are
supervised learning algorithms explicitly designed to take advantage of the labels’ taxonomic organization [73, 77].
Recent advancements in the field have introduced Zero-Shot Hierarchical Text Classification [76], where the se-
mantic meaning of the category names themselves is embedded into dense vector prototypes. The inputs for these
NLP classification models are vastly heterogeneous: from business descriptions to financial filings. Transformer-
based language models, such as BERT and RoBERTa, are tasked with reading these dense financial documents and
generating high-dimensional contextual embeddings. [53]. Beyond direct classification, unsupervised topic model-
ing can cluster startups based on the latent themes in their textual descriptions. This approach has proven vital in
tracking macroeconomic trends, and could provide better distinguishable and more concrete classes than manual
categorization. [54]. This latter possibility was studied for the case of CPV codes in [58].

The literature on automated classification is skewed toward private corporations (SIC, GICS, NAICS contexts).
Public institutions, hospitals, schools, local governments, have received far less attention, despite having distinct
naming conventions. Similarly they leverage rich textual or structured metadata. Classifying organizations solely
from their name is underexplored and harder than it looks once linguistic and regional diversity enters the picture.
However, many of the above mentioned methods have been adapted for our task, comparing among others, pre-
trained models to understand labels and Support Vector Machines.

2.1. Entity Classification

The specific NLP task can be defined as follows: Let X denote the space of organization name strings and let Y =
{y1, . . . , yK} be a finite set of K organizational categories. The task consists of learning a function f : X → {0, 1}K

that maps an organization name x ∈ X to a binary label vector y ∈ {0, 1}K , where yk = 1 indicates membership in
category k. The active label set of a sample is Y(x) = {yk ∈ Y | yk = 1}; samples for which Y(x) = ∅ constitute a
residual other organizations class. A taxonomy T = (Y , E) is a directed acyclic graph whose whose edges E encode
hyponymy, moving from general to increasingly specific concepts. Formally, ∀x ∈ X with associated ground-truth
label vector y ∈ {0, 1}K :

(yk = 1) ∧ (k ⪯ j in T ) =⇒ y j = 1 (1)

The application of Natural Language Processing to organizational classification transforms the problem from a
manual task into a text mining or representation learning challenge. The computational task, entity classification,
requires mapping an input text N (in our case, the name of the organization) to the predefined set of labels Y .

2.2. Related Tasks

Entity classification is commonly integrated within more complex NLP tasks as one of their step. Named Entity
Recognition (NER), Entity Linking (EL), also referred to as Named Entity Disambiguation (NED) and Entity Nor-
malization. NER is formulated as a sequence-labeling and span-extraction task. Its primary objective is to locate
the start and end boundaries of an entity mention within a continuous string of unstructured text. EL goes a step
further: once an entity span is recognized it must map that textual span to a unique, canonical identifier within a
target Knowledge Base (KB), such as a Wikidata QID or a DBpedia URI. Entity Classification, operates within
the boundaries of both, categorizing the identified span into a predefined taxonomic class. In modern natural lan-
guage processing contexts, this classification extends far beyond the traditional, coarse-grained categories of the
past (such as Person, Organization, or Location) into fine-grained typologies. This subtask can aid restricting the
Knowledge Graph candidates for EL. Joint-learning models are designed to optimize a single, shared representation
space where the loss functions of both Named Entity Recognition and Entity Linking are calculated and minimized
simultaneously during the backpropagation phase avoiding compounding errors [46]. Contrastive Learning and reg-
ular expressions [34] have been used to guide these learning objectives. Contrastive Learning in particular attempts
to deal with the issue of anisotropy making separation difficult within embedding spaces.
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While the European Commission has aggressively adopted Linked Data principles to increase the accessibility
and interoperability of Open Government Data, the metadata accompanying these massive datasets remains noto-
riously fragmented and heterogeneous. Resolving metadata to unified Knowledge Graphs presents a multi-faceted
NLP challenge including the challenges of Temporal Dynamics of Administration, Absence of Evolution-Aware On-
tologies, Metadata Quality Deficits, Linguistic Heterogeneity and Organizational Disambiguation [52]. Knowledge
graphs and ontologies have proven essential for providing supervision and explainability to classification systems.
Resources such as Wikidata allow structured queries to retrieve key attributes of an organization—its class, official
name, and country of origin—which enhances classifier consistency and interpretability [80]. Complementarily,
domain ontologies supply class hierarchies that serve as label sources, embedding symbolic knowledge into NLP
pipelines and filling gaps left by purely data-driven methods [53, 81]. Integrating complex KGs into embedding-
based classifiers augments how NLP models process linguistic data. Rather than relying solely on the statistical
distribution of words in a text corpus, models employ advanced Knowledge Graph Embeddings (KGE). Methods
such as TransE RotatE ComlEx and derivatives model relations in the KG as mathematical operations such as vector
displacements, rotations or products between entity embeddings. RDF2Vec instead generates entity representations
through random walks over the graph. In the context of entity classification, these embeddings offer an alternative
route to encoding class semantics. However a key issue is that of aligning embedding spaces of instances and labels
if they use different encoders. In our study we will keep to name-only as input for our methods which will stress
the capabilities of many of the current best performing paradigms in similar tasks and shed some light in alternative
approaches when we are under low-context conditions. However, the Contrastive Learning objective is ideal for this
restriction.

2.3. Datasets and Benchmarks

As the scope of Information Extraction broadens across sectors, the demand for granular entity classification
increases. Real-world applications rarely require simple extraction of a generic Person or Location; but identifi-
cation of a Politician versus an Athlete, or Hospital versus a School. To benchmark the capability of methods to
navigate complex taxonomic spaces, the Few-NERD dataset has emerged as the premier global evaluation standard
[15]. Derived from the text of Wikipedia, it is a two-level hierarchical ontology. with 8 broad, coarse-grained cate-
gories (such as Organization, Location, Person, and Product) subsequently subdivided into 66 subcategories (such
as Education or Government organizations). Methods such as GLiNER or NuNER [4, 59, 74, 75] treat labels as
text, not as rigid categories. Other approaches to this benchmark share encoder-based architectures, enriched label
and taxonomy descriptions that transfer to unseen types, and contrastive learning objectives [31, 35, 71]. While the
Few-NERD dataset primarily tests taxonomic granularity, MultiCoNER V2 (Multilingual Complex Named Entity
Recognition) dataset and its associated SemEval-2023 [27] shared task evaluate deep learning models against the
chaotic, unstructured realities of global, real-world data. Top-performing systems is PAI [45], which integrates ex-
ternal entity information to improve performance and [33] which studies custom LLM heads and losses for training
the final layer. MultiNERD [61] and DynamicNER [44] propose multi-granular, multi-language NER datasets. More
specialized is AdminSet-NER [56], focuses on the administrative domain and is composed of unstructured French
public administration documents. Moving on to Entity Linking we can find datasets that bridge text to Wikidata
entities such as Mewsli-9 and T-REx [5, 16]. For multilingual entity linking, mGENRE [7] reformulates the task
as autoregressive sequence generation over entity names, mReFinED [42] jointly trains mention detection, entity
typing, and entity disambiguation in a single multilingual model and ReLIK [51] a Retriever-Reader architecture
that first fetches candidate entities from a knowledge base index, and a DeBERTa-v3 Reader then contextualizes
input text to predict which spans link to which entities.

Finally,
Span-based sequence labeling approaches used in NER are not applicable in our low-context, name-only set-

ting and we are yet to identify datasets that approach these more context-restrictive environments. We propose
that Named Entity Recognition benchmarks could be reasonably extended to structured, JSON-based evaluation
datasets. Whereas literature surveyed above reveals that entity classification increasingly relies on contextual en-
richment, whether through knowledge-graph triples, retrieved Wikipedia passages, or multi-sentence descriptions.
This enrichment is effective precisely because it compensates for the semantic signal absence of short forms. Our
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setting, however, imposes a deliberate and practically motivated constraint: only the organization name is available
at inference time. Public procurement records, administrative registries, and similar noisy datasets routinely suffer
from data quality issues and lack accompanying descriptions. Within this constraint we situate three complementary
strategies. Rule-based heuristics require no training data and exploit the observation that public-sector names carry
lexical signals: institutional designators, toponym patterns, and domain keywords. Their inclusion is justified not
only as a baseline but as a common standard in NER tasks. Classification via Natural Language Inference exploits
the finding [39] that NLI models trained on MultiNLI-derived corpora generalize to arbitrary label spaces when
candidate classes are cast as hypotheses. DeBERTa-v3-based NLI models have emerged as the dominant backbone
across reviewed systems in MultiCoNER, Few-NERD, and CPV classification alike and their cross-lingual vari-
ants make them a natural fit for our scope. Crucially, this approach requires no labeled examples from our target
taxonomy and may be adapted to any taxonomy, relying instead on the semantic signal carried by class labels and
model pre-training, consistent with the zero-shot paradigm explored for CPV assignment [47]. Generative few-
shot classification complements the discriminative NLI approach, completing the spectrum from zero labeled data
to minimal supervision. Finally, embedding-based methods address the the absence of a representation space lim-
itation shared by the above approaches. We evaluate embedding representations using progressively more flexible
classifiers. First, we assess the geometry of frozen pretrained encoders by measuring cosine distances to class ex-
amples in the induced embedding space, analogously to the prototype-space analyses conducted for NER datasets.
Second, we attach a linear classification head directly to the encoder, the standard discriminative baseline adopted
across the reviewed systems, from DeBERTa-based token classifiers in MultiCoNER [69] to the Softmax output
layers in BERT-KG [81], providing a strong supervised upper bound under full label availability. Several reviewed
systems note the anisotropy of pretrained transformer embeddings as an obstacle to classification in dense label
spaces; contrastive objectives have been proposed as the remedy both in NER [34] and in Few-NERD [35]. We
adopt Supervised Contrastive loss fine-tuning.

We deliberately exclude approaches that require information beyond the name. Methods that retrieve Wikipedia
passages [69], inject KG triples at inference [81], or read financial filings [53] are reviewed because they establish
the state of the art on the richer inputs that are unavailable in our setting, and because understanding where context
helps is essential for interpreting where our name-only methods fall short. Similarly, joint NER–EL architectures
and hierarchical text classifiers trained on large labeled corpora are surveyed to frame the broader task, not as direct
comparators. Despite their theoretical appeal, we do not pursue KGE-based class representations in this work. The
fundamental barrier is embedding space alignment: our organization name encoder produces representations in a
name-based semantic space, while KGE methods produce representations in a structurally-based relational space.
The standard remedy is to learn linear projection that maps one space onto the other using a set of anchor entities
whose identity is known in both spaces [80]. However, a well-chosen anchor entity is itself a canonical representative
of its class, which raises the question of whether the projection adds information beyond simply using that anchor as
a class prototype directly. Further, before encoding the KG structure of the labels first (which may not add too much
information besides examples of that class in our use case), we might look into textual descriptors of the label. Our
evaluation, spanning flat and nested label structures and multiple languages, is designed to isolate the contribution
of each strategy under this constraint, which can later be foregone to enhance our methods with extra context.

3. Methodology

This study presents a broad methodological framework designed to evaluate and compare classification strategies
for identifying and disambiguating organizational entities in the public sector. The classification problem involves
substantial language variations and limited contextual information, which challenges conventional NLP methods.
To address this, we integrate knowledge graph technologies to develop generalizable, and semantically grounded
datasets for model training. The methodological approach supports the study’s overarching goal of assessing how
effectively different rule-based, zero-shot LLM-based, and embedding-based techniques can classify organizations
across domains and languages, facilitating accurate entity linking when populating knowledge graphs with organi-
zational instances using data enriched through ontological structures from Wikidata.
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Figure 1. We have evaluated three methodological techniques: rule-based systems, natural language inference and embedding-based classifiers.
Each family has several methods, and some test different models and parameter configurations. Parameter configurations are optimized and
selected on a validation set.

Our baseline method includes expert-informed rules derived from domain knowledge in healthcare. A structured
questionnaire was used to elicit classification heuristics from practitioners, enabling the design of transparent and
domain-specific rule sets. Natural Language Inference models further extend this by allowing flexible application
without task-specific annotated data, offering a robust solution in low-resource settings. Embedding-based methods
were introduced to capture the semantic information of textual names. These leverage sentence-level vector repre-
sentations, enabling classification initially through semantic similarity, then trained classifiers that are able to derive
more complex decision boundaries for entity classification.

The evaluation involved a systematic comparison of state-of-the-art model performances in entity disambigua-
tion tasks. Multiple pre-processing pipelines were tested on rule systems to assess their impact on classification
outcomes, and hyperparameter tuning was conducted to optimize model behavior. The experimental framework was
designed for modularity and reproducibility, enabling robust identification of the most effective strategies across
varying data conditions and domain requirements.

The research questions are evaluated through a structured series of experiments, each designed to test the specific
capabilities of different classification approaches under controlled conditions. RQ1, which investigates the effec-
tiveness of classification techniques across languages, we focus on scenarios with highly unbalanced classes. This
condition is intrinsic to the problem of extracting specific organizational types from a broader institutional dataset
when performing entity linking tasks. To address this class imbalance and task specificity, we adopt F1-score as our
primary evaluation metric. Recall will also provide insight into the model’s ability to identify relevant instances.
For each classification strategy (rule-based, zero-shot, and embedding-based) we implement multiple model vari-
ants and preprocessing schemes, and conduct hyperparameter optimization where applicable. Comparisons across
methods are systematically presented, including a rule-based classifier benchmark grounded in domain knowledge
from experts via structured questionnaires. RQ2 focuses on a comparative analysis of models performance across
countries, centered specially on the more interpretable rule-systems, their optimal parameters and keywords, and
aims to identify standardized guidelines for processing multilingual names in a consistent and scalable manner to
support entity disambiguation in cross-lingual knowledge graphs.

3.1. Ontology-Guided Data Extraction

In the context of European public institutions, organization classifications facilitate accurate entity linking, knowl-
edge graph population, and semantic interoperability. To this end, we focus on three pivotal domains: medical,
administrative and educational. We regard the three domains as essential for public service delivery defined as a
service of public utility, instead of public ownership. Accurately addressing classification challenges in the medical,
governmental, and educational domains is crucial, as each domain directly impacts critical aspects of public welfare
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and governance. A cross-sectoral focus was adopted in order to draw generalizable conclusions and obtain flexible
methodologies valid for inference in a variety of use-cases.

Wikidata is a large-scale, community-driven knowledge graph that we leverage to build semantically rich datasets
for entity disambiguation tasks. It was selected as our primary data source due to: European Union multilingual cov-
erage, explicit ontological typing for a wealth of classes (including subclasses), and open licensing, which enables
reproducible large-scale experimentation. By extracting entities from Wikidata instances, we obtain both the class
from the hierarchical structure induced by the ontology and the name of organizations in all 29 official and co-
official languages, creating a robust ground truth for entity linking experiments. At the time of data extraction and
experimentation, Wikidata did not provide a language-independent preferred label for organizations. To mitigate
this limitation, we implemented a heuristic that defaulted to the majority language of each respective EU Member
State. While we acknowledge that this compromise simplifies the linguistic diversity within countries, our underly-
ing framework was designed to be capable of processing minority languages; the primary constraint was the absence
of a resolution protocol for determining when to prioritize specific languages as primary. This issue has since been
addressed by the introduction of the ‘mul’ (multilingual) language code, which provides a ground-truth for the
preferred language of an organization’s name.

To ground the choice of Wikidata as an authoritative source we have conducted a very tentative estimation of
its coverage of selected organisational classes across the European Union. For this we have made use of Eurostat
metrics on number of hospital beds per inhabitant [20], pupil enrolments in primary education [23], and pupil enrol-
ments in lower and upper secondary education [21, 22]. The number of administrative units at local level per country
was taken from the Eurostat Local Administrative Units (LAU) register for 2025 [24]. For schools, the number of
educational institutions per country was estimated by dividing total enrolments by a conservative assumption of 400
students per school. For hospitals, institution counts were estimated by dividing total hospital beds by a conservative
assumption of 150 beds per hospital. These figures represent order-of-magnitude estimates intended only to con-
textualise the relative coverage of Wikidata, and should not be interpreted as authoritative institution counts. The
resulting estimated institution counts per country are summarised in Table 2. The results of this coverage estimation
reveal a mixed picture across regions. For hospitals, Wikidata overestimates in certain countries the number of insti-
tutions relative to our Eurostat-derived figures in several countries,for which authoritative national sources confirm
a substantially lower count of hospitals per inhabitant when small clinics and outpatient facilities are excluded. We
hypothesise that Wikidata conflates hospitals in the strict sense with smaller clinical facilities such as day clinics,
medical centres, and outpatient units, inflating the apparent count. Although Wikidata is also known to contain en-
tries for former hospitals, this factor alone is unlikely to fully explain the observed overestimation; rather, it points
to a broader issue of categorical ambiguity in Wikidata’s class hierarchy, where the boundary between hospital and
adjacent classes is inconsistently applied. This constitutes one of the known data quality issues of the platform. For
schools, the picture is more encouraging. Estimated coverage ranges roughly between 20% and 50% depending
on the country. While this range is wide, it is broadly consistent with what one would expect from a community-
curated knowledge base: large countries with well-resourced Wikidata communities (e.g. Germany, France) tend
to have higher coverage, while smaller or less-resourced countries show sparser representation. Crucially, the di-
rection of error is likely to be underestimation rather than overestimation for schools, making the Eurostat-derived
figures a more reliable upper bound. For local governments, we use the Eurostat LAU register as a proxy, equating
one LAU entry to one local government entity. This assumption is violated in several cases. Lithuania in particular
shows a significant outlier, where the Wikidata count of entities classified as local governments far exceeds the cor-
responding LAU count. We attribute this to a hereditary issue in subclass hierarchy: certain administrative entities
that are subclasses of local government) in Wikidata do not correspond to distinct LAUs in the Eurostat register.
This violates the one-to-one mapping assumption underlying our estimation, and is noted as a known limitation of
the current approach. But overall, the country mean coverages (with top values clipped to 100%) seem very sensible
with 35.42% of estimated local governments, 73.20% of estimated hospitals and 29.42% and 19.67% of estimated
primary and secondary schools respectively covered in our dataset.

For class definition we refer to Wikidata’s definitions of each as it will be our primary data source. We also include
the Wikidata identifier of each class.

– Medical Domain: This problem involves categorizing healthcare institutions into a nested structure, specifi-
cally distinguishing general hospitals from specialized institutions such as university hospitals.
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Figure 2. This heatmap display in percentage the ratio of extracted entities from Wikidata corresponding to selected classes or subclasses over
estimation of real organizations. The estimation for Loval Governments is takes as the number of Local Administrative Units divisions per
country, and for the rest we have taken Eurostat’s number of hospital beds per inhabitant and enrolled students and applied a conservative
estimation of beds or students per hospital or school respectively. Overall, the dataset covers significant parts of estimated organizations. In some
cases it even surpasses the estimation. This is most likely due to mismatches in Wikidata labeling extra entities caused by class overlap, rather
than underestimating the real number, but it must be considered that these are still rough estimates.

* Hospital (Q16917): Defined as a health care facility. However, it can be observed that in practice the hospital
category only includes those facilities offering comprehensive and continuous care. In particular clinics are
not typically categorized as hospitals, the key semantic and practical distinction is that hospitals provide
inpatient care—patients can be admitted for extended periods of observation, surgery, or specialized care.

* University Hospital (Q1059324): Defined as a hospital which is part of a university.
* Specifically excluded categories comprise elder-care centers, rehab centers, research centers and medical

clinics, for example.

In initiatives like the European Health and Digital Executive Agency’s Public Procurement Assessment in
the Healthcare Sector project, accurate differentiation between these subclasses is required to accurately pro-
file healthcare services as part of the study to optimize procurement processes, effectively allocate medical
resources, and enhance healthcare service delivery across Europe.

– Administration Domain: This classification task addresses the identification of local administrations across
EU member states.

* Local Government (Q6501447): Defined as the lowest tier of administration within a sovereign state.

Understanding the prevalence and nature of joint procurement among local councils is vital for enhancing pub-
lic spending efficiency. A study highlighted existing cross-border joint public procurement initiatives in Europe,
identifying best practices and challenges . By exploiting these collaborations, administrations can identify op-
portunities for cost savings and the development of standardized procurement practices. As an example, the
development of digital tools is easily applicable across similar administrations, though they are seldom doing
so. This case would be the perfect application of joint procurement.
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– Education Domain: The educational classification problem involves assigning institutions multiple relevant
labels, such as primary and secondary education, due to the overlapping roles many educational facilities fulfill.

* Primary School (Q9842): Defined as a school in which children receive primary or elementary education
from the age of about five to twelve

* Secondary School (Q159334): Defined as an organization where secondary education is provided

Analyzing the geographical distribution of primary and secondary schools is essential for informed educational
planning. For instance, research has examined educational attainment and inequality within European regions,
emphasizing the role of spatial characteristics in educational systems . By understanding these patterns, au-
thorities can address disparities in educational access, allocate resources effectively, and plan infrastructure
developments to meet the needs of diverse populations.

Wikidata’s descriptions do not offer much insight into precise definitions for organizational subclasses. However,
we will limit information on the classification task to the label in order to maintain alignment with the ontology. A
potential direction for future research is to explore how definition-based approaches, where subclass descriptions
are explicitly incorporated, might influence model performance in comparison to label-only methods for entity
disambiguation tasks. The use of properties wdt:P31 (instance of) and wdt:P279 (subclass of) provides a robust
means to traverse the class hierarchy in the knowledge graph. This ontology-based approach ensures that we capture
a sufficient scope and variety of organizations for entity linking purposes. Although our current work restricts these
classes to three domains, there is an open possibility for exploring to what extent our category assignments mirror or
deviate from the ontology’s hierarchy, and whether trained classification models could enhance Wikidata’s coverage
by identifying missing relations or refining organizational taxonomies.

Dataset creation involved targeted SPARQL queries (as shown in listings 1 and 2) against the Wikidata end-
point to retrieve relevant instances per country and organizational domain. While our choice of the official WDQS
endpoint ensures alignment with the canonical RDF representation of Wikidata and is maintained directly by the
Wikimedia Foundation. We acknowledge there exist high-performance alternatives like the University of Freiburg’s
QLever [2], operating over full Wikidata dumps. It can support more complex analytical queries with fewer runtime
restrictions. However, such services have different update cycles, availability guarantees, and reproducibility con-
siderations compared to the official endpoint. Due to hardware-specific memory constraints, hosting full Wikidata
dumps was deemed unfeasible for this study. Instead, we prioritized a targeted extraction strategy designed to be
reproducible across any organizational class. To further support transparency and reproducibility, we provide our cu-
rated dataset—comprising the results retrieved directly from the SPARQL endpoint—in our public repository[83].
While utilizing official infrastructure avoids the computational overhead associated with self-hosting, we recognize
that the latter might have offered a more robust alternative given the various limitations encountered during the pro-
cess [38]. To mitigate these constraints, specifically query result caps and request timeouts, queries were performed
iteratively in discrete, manageable batches. An initial query extracts the instance URI of all subclasses of a certain
category, followed by a second query that retrieves names and class information. These runtime issues encountered
suggest that, in retrospect, a high-performance endpoint would have offered a more straightforward solution for
obtaining the dataset.

This process included:

1. Retrieving entity instances per domain-country combination using transitive class properties wdt:P31 and
wdt:P279*.

2. Downloading JSON raw output in manageable batches and performing basic error handling to recover from
incomplete data responses.

3. Extracting multilingual labels for entities in each country’s official and co-official languages. Wikidata does
not offer a preferred language for labels, so we select the first label of the official languages of each country.
We have decided against data augmentation by keeping multiple names per instance. Proper names contain
very instance-specific tokens which makes them particularly prone to overfitting. Were this to be done, special
care would also have to be taken to not pollute test sets with instances present in the train datasets.

4. Consolidating data into a structured format, including instance identifiers, country labels, class IDs, and mul-
tilingual textual labels.
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5. To ensure balanced representation, we apply random sampling with a cap of 5,000 items per subclass-country
combination, and maintain organization variety by also sampling from the national pool of organizations -
double the number of instances of the most frequent class label in that country.

6. Annotating instances with binary class labels.

This methodology produces an annotated, varied dataset suitable for entity classification and disambiguation
tasks. Future improvements could explore extraction from full Wikidata dumps to overcome endpoint constraints.
The results are published on [83]. The final dataset exhibits an unbalanced distribution that we assume is repre-
sentative of the reality of this problem. It is represented in Figure 18. Our experiments are structured to reflect
heterogeneous classification schemas, encompassing binary, nested, and multi-label tasks. In the medical domain,
we compare both flat and nested classification to distinguish general hospitals from specialized entities such as
university hospitals. For the governmental domain, a standard binary classification is applied to identify whether
an entity functions as a local government authority. The educational domain requires multi-label classification to
account for institutions providing multiple educational levels.

3.2. Classification Experiments Design

In this study, we consider several architectures suitable for classifying organization names, selected in accordance
with the multilingual and low-context nature of the entity disambiguation task. Within this work, low-context refers
specifically to the linguistic isolation of the input strings; the entities’ only feature are names, without surrounding
text or sentences as is common in Named Entity Recognition Tasks. Our approaches are organized into three fami-
lies: (i) rule-based heuristics, leveraging interpretable country and domain-specific keyword patterns. Rule-based
methods have been used since the establishment of early industrial standards and are well-known in NLP tasks for
providing a transparent, expert-grounded baseline that ensures high interpretability. By utilizing these systems, we
attempt to capture explicit institutional markers that remain traceable to regulatory and regional naming conventions.

While rules provide clarity, they are often insufficient for "cold-start" scenarios without prior examples: (ii) zero-
shot classification using Natural Language Inference (NLI), which enables label prediction using large language
models (LLM) without training. This allows us to categorize entities across languages instantly, providing a flexible
framework that adapts to evolving classification targets without the overhead of traditional supervised learning. This
technique has become a modern cornerstone for addressing zero-shot scenarios.

Finally, (iii) lightweight embedding-based classifiers, including logistic regression and support vector machines
(SVMs) trained on static semantic representations complete our approach. Embedding methods exploit the latent
semantic structure of text and have gained popularity since the introduction of large-scale pretrained transformers,
which have revolutionized text classification by capturing contextual relationships. We utilize these representations
to learn decision boundaries that partition the latent semantic space into classes.

Deployment in public sector settings often goes hand-in-hand with a limited access to high-end computational
infrastructure, necessitating cost-effective and broadly accessible solutions. There are also the added benefits of en-
vironmental sustainability and computational efficiency of smaller models that are sufficient for the proposed tasks.
Methods such as model distillation, quantization, and pruning further support the use of compact architectures with-
out substantial performance loss. Nonetheless, this approach entails trade-offs: under-performance, generalization
issues, and their use on local machines imposes temporal and computational constraints. Despite these limitations,
our approach proves practical in resource-constrained environments. In terms of model selection we also restrict our
choices to open-access models to ensure transparency, reproducibility, and suitability for public sector deployment.

Consequently, we adopt a low-resource computational restriction by prioritizing rule-systems, efficient NLP mod-
els and locally-run LLMs, motivated by accessibility, sustainability, and task suitability. All experiments were con-
ducted on a localized hardware setup with significant memory constraints. The primary computational bottleneck
was a system equipped with 16GB of unified RAM; this limitation necessitated the use of lightweight architectures
or aggressive quantization techniques. Furthermore, the environment was restricted to 100GB of available solid-
state storage for data persistence which mandated careful management of the data footprint, particularly regarding
the high-dimensional vector embeddings and model parameters.

Similarly, our methodology excludes remote deployment of LLMs and proprietary models. This decision was
reflects this need for reproducibility and long-term stability; remote LLM services are subject to version drift and
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availability constraints, making exact replication difficult. Running inference locally enabled systematic evaluation
at scale without dependence on external quotas or cost constraints. Thus, a strict on-premise deployment scenario is
enforced, mirroring the operational reality of many public sector and security-sensitive organizations where reliance
on third-parties is often precluded by data sovereignty requirements.

Our methodology also compares different classification structures across domains, recognizing that the taxonomy
complexity of target labels influences task performance. In particular, we evaluate a nested classification scheme in
the medical domain and contrast it with a flat three-class approach. As the number and structure of classes increase,
either across or within domains, so does task complexity. It is therefore important to account for these differences
when interpreting performance comparisons.

We adopt the Massive Text Embedding Benchmark (MTEB) [49] and its multilingual extension MMTEB [17] as
methodological foundation for our selection of models. These frameworks cover over 100 languages and a broad
range of tasks, including classification, clustering, and semantic search, offering a reproducible basis for comparing
multilingual embedding models.

3.2.1. Rule-Based Systems
Our rule-based approach consists of an initial extraction of domain-specific keywords, to then apply regular ex-

pression (regex) matching against organization names using inclusion list logic. An entity is assigned to a class if
its name contains one or more predefined keywords associated with that class. This method produces immediately
interpretable results directly traced to a set of lexical features. Rule-based systems are particularly well-suited for
domains with standardized naming conventions and provide transparent entity disambiguation decisions when popu-
lating knowledge graphs. However, this approach is region-dependent. As a result, effective keyword selection must
be tailored to each language and regional context. This makes possible to study regional variation in naming prac-
tices. For example, healthcare institutions in France frequently include terms like Hôpital or acronyms like CHU,
while Spanish entities may use the term Hospital. Our keyword extractor will identify these terms and classify as
positive any name containing these substrings.

The interpretability of these systems can be exploited to integrate manual input. To establish a benchmark for
medical classification, we leveraged domain expertise available within the ProCure project consortium. A question-
naire was distributed to healthcare procurement professionals from several participating countries, asking them to
identify linguistic patterns commonly found in hospital names. The survey included the following sections:

– Hospital Inclusion List: Keywords that typically appear in hospital names (e.g., Hôpital in France, Kranken-
haus in Germany).

– Hospital Exclusion List: Terms that may be healthcare-related but should not be associated with hospitals
(e.g., Clinics, Nursing Homes, Daycare Centers).

– University Hospital Inclusion List: Terms exclusive to university hospitals (e.g., Universitätsmedizin in Ger-
many).

– Additional Rules & Comments: Open-ended field for respondents to share regulatory constraints or naming
conventions specific to their countries.

We received responses from experts in Austria, Italy, and France. While the inclusion lists entries were clear
and actionable, the exclusion list proved ambiguous for several respondents and was ultimately excluded to avoid
inconsistencies. Notably, the open-ended comments revealed that in some countries, national regulations require
specific terms or acronyms to appear in official hospital names, further reinforcing the suitability of rule-based
systems for the task.

To evaluate whether automated keyword generation could replicate expert-provided patterns, we prompted a gen-
erative language model for the keyword generation sub-task. DeepSeek-R1 [30] was selected for its open nature,
strong multilingual capabilities, competitive performance, and efficient local deployment compared to other LLMs
of similar scale. The model’s architecture, utilizing a Mixture-of-Experts (MoE) framework with 671 billion param-
eters and 37 billion active per query, allowed for efficient computation and local deployment of distilled versions. In
our case we utilize DeepSeek-R1-Distill-Qwen-7B, the 7B distilled variant, deployed locally via the Ollama frame-
work to ensure control over inference, reproducibility, and adherence to data constraints. The model was queried
with the standardized prompt shown in the annex, listing 3 mirroring the survey distributed to experts, obtaining 5



14 A. del Ser and C. Badenes-Olmedo / Linguistic Patterns in Organization Names

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

keywords per class and country. Outputs were generated in two batches per class to prevent prompt overflow, each
covering half of the countries. All templates and responses are available in our GitHub repository.

Model DeepSeek-R1-Distill-Qwen-7B
Architecture Distilled, Decoder-only transformer, instruction-tuned variant of Qwen
Parameters 7 billion
Training Objective Instruction-following and task generalization
Languages 20+ languages
Deployment Locally run via Ollama
Purpose Automatic keyword generation and automatic generative classification

Table 1
Model Card: DeepSeek-R1-Distill-Qwen-7B

Finally, we implemented two lightweight supervised keyword extraction methods tailored to the short-text nature
of organization names. The first is a frequency-based heuristic that identifies the most frequent tokens associated
with positively labeled examples for each class. The second leverages TF-IDF vectorization combined with chi-
squared statistical testing to select the top-k discriminative tokens. In this setting, the term frequency (TF) compo-
nent offers no variance as token repetiton is rare and non-relevant in this case. Despite this, IDF remains effective
at highlighting class-distinctive terms that appear infrequently across the overall corpus but consistently within par-
ticular classes. While grounded in classical bag-of-words representations, this approach adapts well to low-token
scenarios. In future extensions involving a broader label space, this method could be scaled to treat each class in-
stances as an aggregated document, allowing global TF and IDF to work together for classification. In both metods,
we optimized the number of keyword tokens by selecting the configuration that achieved the highest F1 score on
the evaluation set with token numbers ranging from 3 to 10.

To support keyword extraction, we implement a multilingual preprocessing pipeline tailored to the challenges of
organization name classification. The first step is stopword removal . This approach, though it may not capture the
canonical language of every name, ensures a common standardization.

The inherent difficulty of building multilingual NLP pipelines is especially pronounced in tokenization, where
language-specific morphological patterns require tailored solutions. A key example is the prevalence of compound
words, which are common in Germanic languages and pose a challenge to general-purpose tokenizers. Ideally, such
names should be segmented into their lexical components to expose semantically meaningful units for downstream
tasks. Therefore, we evaluated task performance with and without spaCy-based tokenization and lemmatization us-
ing language-specific models, but, even though they may help the overall classification task, we still found these
methods inadequate for reliably decomposing such compounds. For instance, the Austrian school name Bundes-
gymnasium und Bundesrealgymnasium Gleisdorf is tokenized by spaCy and WikDict as shown in Table 2.

Name Bundesgymnasium und Bundesrealgymnasium Gleisdorf
SpaCy tokenization Bundesgymnasium, Bundesrealgymnasium, Gleisdorf
WikDict decomposition Bund, Gymnasium, und, Bund, Realgymnasium, Gleis, Dorf1

Table 2
Example Tokenization and decomposition.

To address this, we adopted a dictionary-based compound decomposition strategy using the Wikdict project. We
downloaded SQLite lexicon databases per language and applied per-token decomposition. This method allowed
us to segment compound words into known lexemes, improving the interpretability and discriminative power of
tokens across languages. While not universal and far from the performance of language-specific decompounders,
this approach proved more robust than tokenizers.

1Translations: Bund = federal, Gymnasium = high school, Realgymnasium = science-oriented high school, Gleis = track, Dorf = village.
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To evaluate the effectiveness of the extracted keywords, we extract the results from the regex-based classification
approach using the selected tokens and compute performance metrics both globally and per country. This allows us
to assess how well the method generalizes across different linguistic and geographical contexts.

Given the method’s sensitivity to class imbalance and data sparsity, reliable evaluation is challenging for countries
or labels with few instances. To ensure robustness, we limit reporting results to countries where the least frequent
label has at least 30 examples. While meaningful patterns can emerge with as few as 5 instances, this threshold
avoids over interpreting noise and ensures metrics do not exhibit unacceptable variance.

3.2.2. Natural Language Inference
Natural Language Inference (NLI) enables zero-shot classification by evaluating the relationship between the

organization name and a hypothesis representing each potential class label. This approach is particularly suited
for low-resource contexts, as it does not require task-specific training data. As our first approach we formulate the
classification task as an entailment problem: for each organization name, we evaluate whether it entails the following
hypothesis: "This organization is a {class}". We use pretrained multilingual transformer models capable of
producing entailment scores across languages.

The Zero-shot classification pipeline outputs scores for each hypothesis tested, which can provide flexibility in
handling imbalanced datasets. However, for this a threshold selection, which requires some knowledge of the class
distribution in a labeled training set, is needed. Since our objective for this method is to remain fully training-free,
for each instance, we select the most probable label from the candidate classes and a generic ’other’ class.

Models were then prioritized based on (i) explicit multilingual fine-tuning, iii) endorsement from the research
and practitioner community as indicated by popularity metrics (e.g., number of “likes” on the platform), and
(iii) architecture variety, including lighter models. This ensured the inclusion of models that are both methodolog-
ically sound and practically validated by wide adoption. The final selection includes four models that span different
transformer families, parameter sizes, and multilingual training coverage:

– joeddav/xlm-roberta-large-xnli2 is based on the XLM-RoBERTa architecture[11], a multilingual
extension of RoBERTa. This model is fine-tuned on the XNLI (Cross-lingual Natural Language Inference)
corpus[? ], which comprises approximately 550,000 sentence pairs in 14 languages, including 10 European
languages: French, Spanish, German, Greek, Bulgarian, Russian, Polish, Portuguese, and Romanian. It serves
as a strong zero-shot multilingual classification baseline due to its broad language coverage and stable perfor-
mance across tasks.

– MoritzLaurer/bge-m3-zeroshot-v2.03 multilingual variant fine-tuned from BAAI/bge-m3 for ze-
roshot classification in 100+ languages and with a context window of 8192 tokens. It is based on the M3-
Embedding architecture [8]. This model integrates dense, sparse, and multi-vector retrieval capabilities and
leverages self-knowledge distillation for enhanced multilingual and multi-function performance. The NLI-
based zero-shot classification training approach is described in [39].

– MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil74 is a multilingual adap-
tation of the DeBERTa-v3 architecture[32]. The model is fine-tuned on a multilingual NLI corpus combining
XNLI, MultiNLI[70], and WANLI[43], along with high-quality translations.

– MoritzLaurer/multilingual-MiniLMv2-L6-mnli-xnli5 is a compact multilingual NLI model
based on the MiniLMv2 architecture[68], which distills knowledge from larger transformer models by reducing
depth and width while maintaining effective attention mechanisms. It is fine-tuned on both MNLI and XNLI
datasets and supports a wide range of languages.

Consistent with our prior methodology, in the medical domain we evaluate both a nested classification approach
and a flat classification strategy.

Additionally, we experimented with augmenting the hypothesis prompts using one-shot and few-shot examples.
However, entailment-based methods are not recommended for this strategy and preliminary results indicated low

2https://huggingface.co/joeddav/xlm-roberta-large-xnli
3https://huggingface.co/MoritzLaurer/bge-m3-zeroshot-v2.0
4https://huggingface.co/MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
5https://huggingface.co/MoritzLaurer/multilingual-MiniLMv2-L6-mnli-xnli

https://huggingface.co/joeddav/xlm-roberta-large-xnli
https://huggingface.co/MoritzLaurer/bge-m3-zeroshot-v2.0
https://huggingface.co/MoritzLaurer/mDeBERTa-v3-base-xnli-multilingual-nli-2mil7
https://huggingface.co/MoritzLaurer/multilingual-MiniLMv2-L6-mnli-xnli
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Model xlm-roberta bge-m3 mDeBERTa-v3 multilingual-MiniLMv2
Architecture XLM-R XLM-R (RetroMAE) DeBERTa MiniLM
Parameters 561M 568M 279M 107M
Objective XNLI fine-tune Self-distilled contrastive +

NLI
XNLI, MultiNLI, WANLI MNLI + XNLI distilled

Languages 100 (pretrain.) + 15 XNLI
(6 EU)

100+ (EU Coverage) 100 (15+ EU) 100 (pretrain.) + 15 XNLI
(6 EU)

Deployment Python, Hugging Face Transformers library.
Purpose Zero-shot classification via Natural Language Inference (NLI).

Table 3
Selected NLI models.

performance, likely due to confusion introduced by the added context. Instead, to test NLI with few-shot examples
we test a generative method as well. Similarly to the generation of rules we employ DeepseekR1:7B wth a custom
prompt (Annex, listing 4). Target classes are provided as well as a series of examples sampled equally from all coun-
tries. Unlike entailment-based methods, which rely on strict logical relationships, generative classification leverages
the LLM’s ability to interpret and contextualize ambiguous or nuanced inputs. This method is particularly valuable
for tasks requiring multi-label assignments or handling overlapping roles (e.g., distinguishing between primary and
secondary schools), though admittedly it benefits from richer contexts. Nonetheless it can serve as a representative
baseline of generative classification methods and it shares the domain adaptability of the entailment method.

3.2.3. Embedding-based Methods.
Embedding-based methods are instrumental to address the central research questions posed in this study. These

methods rely on general-purpose multilingual sentence embeddings derived from pretrained transformer models,
which incorporate the semantic content of organization names by extracting the contextual information embedded
within their tokens. By converting organization names into dense vector representations, this approach yields se-
mantically enriched features in a structured representation space. This strategy provides a mechanism for testing
the ability of pretrained language models to generalize across linguistic and domain boundaries, supporting our
investigation into multilingual classification performance and methodological robustness.

To assess the effectiveness of the embeddings, we construct a classifier using cosine similarity to class prototypes.
An organization will be classified if its sufficiently close to (one of) the prototype(s). Three strategies are tested: a
zero-shot setting using only the embedding of the class label, a one-shot configuration that with a single, randomly
chosen, organization per class, and a few-shot experiment that introduces one example per class per country (ie.
24-shot) to better capture regional variation.

Positive classification is determined by comparing similarity against a class-uniform threshold. While this ap-
proach does not account for different semantic "widths" of each class, it provides an approachable starting point. By
avoiding learning complex decision boundaries in this first iteration we also obtain a somewhat informative measure
of class separability and semantic cohesion.

By comparing the performance of the similarity-based approach with that of the later experiments, we can evaluate
the extent of conceptual dispersion the capacity of each method to accommodate hierarchical classes. Moreover, the
inclusion of few-shot, country-specific examples allows us to explore whether regional linguistic and institutional
variations are adequately captured by the class label or the multilingual encoding of a single example, or rather,
there is a higher cross-country heterogeneity in organizational naming.

Given the limitations of fixed-threshold similarity measures, we transitioned to trained classifiers on Static Em-
beddings capable of learning optimized decision boundaries. The encoded organization names vectors serve as input
features for logistic regression and Support Vector Machine (SVM) classifiers. We instantiated both logistic regres-
sion and SVM experiments with a range of hyperparameter configurations. Specifically, logistic regression models
were tuned over combinations of regularization strengths C ∈ {0.01, 0.1, 1, 10} and solvers {liblinear, lbfgs}, with
penalty terms dynamically selected as L1 or L2 depending on solver compatibility. Similarly, SVM classifiers were
tuned across C ∈ {0.1, 1, 10}, kernels {linear, rbf}, and applicable γ ∈ {scale, auto} values for the radial basis
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function kernel. In the case of logistic regression, functions as a linear probe test, which is a common practice to
evaluate the quality of learned features.

To accommodate both multiclass and multilabel scenarios, all classifiers were wrapped using a One-vs-Rest
(OvR) strategy, enabling the decomposition of complex tasks into independent binary subproblems. We also sup-
ports the training of nested classifier hierarchies, wherein distinct classifiers are instantiated for parent-child class
relations or grouped categories. For binary classification tasks involving class imbalance, we employed balanced
class weights, dynamically adjusted to mitigate bias toward majority classes.

In selecting models for the embedding generation task, we utilized the Massive Multilingual Text Embedding
Benchmark (MMTEB), a comprehensive evaluation framework encompassing over 500 quality-controlled tasks
across more than 250 languages, in particular the European languages benchmark.

GritLM, a high-performing model, was excluded from our evaluation due to their absence from the Sentence
Transformers library, which we initially deemed necessary for compatibility with specific techniques. Additionally,
while the broader MTEB leaderboard includes a wide range of models, not all are present in the MMTEB paper. To
ensure coverage of recent and competitive architectures, we included Qwen, the best performing open model from
MTEB with strong multilingual capabilities. Finally, we deliberately selected a lightweight model with fewer than
100 million parameters to benchmark performance under resource constraints.

– intfloat/multilingual-e5-large-instruct6: This model is based on the XLM-RoBERTa archi-
tecture with 24 transformer layers and produces 1024-dimensional embeddings. It is trained using a weakly-
supervised contrastive objective on multilingual datasets and supports 100 languages, including all major Eu-
ropean languages. It consistently achieves high accuracy on the Multilingual Text Embedding Benchmark
(MTEB) tasks [49].

– Alibaba-NLP/gte-Qwen2-7B-instruct7: Built upon the Qwen2-7B architecture with 32 layers and
3584-dimensional embeddings, this model is instruction-tuned for embedding tasks using a multilingual
training corpus. It achieved high performance on the Massive Multilingual Text Embedding Benchmark
(MMTEB) [17].

– intfloat/e5-mistral-7b-instruct8: This model utilizes the Mistral-7B architecture with 32 trans-
former layers and 4096-dimensional embeddings. It is instruction-tuned on a large-scale multilingual corpus,
resulting in extensive language coverage. As of March 2025, it ranks first on the MTEB leaderboard for both
English and Chinese tasks, marking it as a leading multilingual embedding model.

– intfloat/e5-small-v29: A compact alternative designed for efficiency, this model features 12 layers
and 384-dimensional embeddings. It offers a balanced trade-off between performance and computational cost.

Model Multilingual-E5-Large E5-Mistral-7B-Instruct GTE-Qwen2-7B-Instruct E5-Small-V2
Architecture XLM-RoBERTa (24 lay.) Mistral-7B (32 layers) Qwen2-7B decoder-only Custom (12 layers)
Parameters 560M 7B 7.61B 110M
Objective Contrastive Instruction-tuned Instruction-tuned Contrastive
Languages 100 (incl. EU languages) Primarily English Multilingual support Primarily English
Embedding Dim. 512 4096 8192 512
Deployment Python, Hugging Face Transformers library.
Purpose Embedding generation for classification.

Table 4
Overview of selected multilingual sentence embedding models.

Having established baseline classification results with frozen pre-trained embeddings, we turn to the question
of whether adapting the embedding space to the specific characteristics of the task and dataset can yield further

6https://huggingface.co/intfloat/multilingual-e5-large-instruct
7https://huggingface.co/Alibaba-NLP/gte-Qwen2-7B-instruct
8https://huggingface.co/intfloat/e5-mistral-7b-instruct
9https://huggingface.co/intfloat/e5-small-v2

https://huggingface.co/intfloat/multilingual-e5-large-instruct
https://huggingface.co/Alibaba-NLP/gte-Qwen2-7B-instruct
https://huggingface.co/intfloat/e5-mistral-7b-instruct
https://huggingface.co/intfloat/e5-small-v2
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improvements by optimally structuring the representation space for organizational classification. We investigate
fine-tuning the encoder through a learning objective that optimizes downstream classification. Further, we compare
if existing embedding models capture the nature of the organization class, addressing the question of whether the
name contains taxonomic attributes in its semantic features.

Several established methods were considered for this purpose. SetFit [64] is a few-shot fine-tuning framework
that couples contrastive training with an integrated classification head, making it less suitable here since our goal
is to produce improved embeddings that remain comparable across the same classifier architectures used in our
other experimental conditions. SimCSE [9] offers both supervised and unsupervised variants and has been shown
to produce highly discriminative sentence embeddings, of which we turn into the supervised variant of SimCSE.
While applicable in principle, it does not naturally accommodate multi-label settings and does not explicitly lever-
age the relational structure between categories. A more specialized alternative we considered is Hierarchical Joint
Supervised Contrastive Learning (HJCL) [72], a Hierarchy-aware method that weights the contrastive signal be-
tween label embeddings according to their semantic distance in the taxonomy. While HJCL demonstrates modest
improvements over standard SupCon in benchmarks with deep taxonomies, it is unnecessary for our simpler taxon-
omy and not directly comparable to the framework shared by other methods as it inputs the label hierarchy graph as
well. Given these considerations, we adopt Supervised Contrastive Learning [37] as the fine-tuning objective.

Contrastive learning was originally developed in the context of self-supervised representation learning for images,
where the core idea is to train an encoder to pull together an anchor and a semantically related positive sample in
embedding space while simultaneously pushing apart the anchor from negative samples drawn from the remainder
of the batch. Since the original problem does not have labels, the original paradigm is self-supervised: positive pairs
are constructed through data augmentation of the same instance. [37] extend this paradigm to the fully supervised
setting with the Supervised Contrastive (SupCon) loss, which rather than pairing an anchor only with an augmented
version of itself, all samples sharing the same class label within a batch are treated as positives. This allows the loss
to simultaneously pull together entire clusters of same-class instances while pushing apart samples from different
classes, resulting in a more globally coherent and discriminative representation space . The core difference with
SimCSE is the latter uses one positive, many negatives per anchor, structurally equivalent to the N-pairs loss. Sup-
Con loss uses many positives per anchor. In our setting this distinction is particularly meaningful: an anchor such
as a Local Government Administration has multiple valid positives in a batch (other local governments from differ-
ent countries), collapsing that to a single chosen positive would discard supervision signal and possibly prioritize
regional features instead.

However, one adaptation is necessary: the standard SupCon loss formulation was designed for single-label clas-
sification. Our setting introduces an important complication: organization names may belong to multiple categories
simultaneously. A university hospital, for instance, carries both the hospital and university_hospital
labels, or a primary school can also be a secondary school. We resolve this by defining the positive relationship as
follows: two samples xi and x j with labels yi, y j ∈ {0, 1}K are treated as a positive pair if and only if they share
at least one active label, that is, ∃ k ∈ K such that their dot product yi · y j ⩾ 1. To illustrate with a concrete batch
example: suppose a batch contains a primary school. Any other organization in the batch that is also a primary
school, be it also a secondary school or a hospital (not likely) or any other class, will be treated as a positive pair.
Organizations with no active label among the five categories never form positive pairs with any sample, but remain
present in the denominator of every anchor’s softmax, functioning as hard negatives that tighten the labeled clusters.
We reproduce here the resulting multi-label Supervised Contrastive Loss for an anchor a in batch A ⊂ X :

Lsup =
∑

a∈A:|P(a)|>0

−1

|P(a)|
∑

p∈P(a)

log
exp(za · zp / τ)∑

b∈A
exp(za · zb / τ)

(2)

where zx is the L2-normalised mean-pooled encoder output of a sample ∀x ∈ X , P(i) denotes the positive pairs and
τ is the temperature hyperparameter.

We fine-tune intfloat/multilingual-e5-base, our baseline model, using the SupCon objective, fol-
lowing a two-stage training protocol: in the first stage the encoder is optimised end-to-end with the contrastive loss;
in the second stage the encoder weights are frozen and the classification heads are trained on top of the resulting
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representations, exactly mirroring the evaluation setup of our frozen-embedding baselines and ensuring compara-
bility across conditions. Training proceeds for up to 200 epochs with early stopping triggered after 10 consecutive
epochs without improvement in validation contrastive loss. We use AdamW with a learning rate of 2 × 10−6, and
temperature set to τ = 0.5 after observing quick convergence to a solution with more aggressive parameters. Gradi-
ent norms are clipped to 1.0 for stability. Batches of size 64 are constructed using a country-balanced sampler that
interleaves samples across countries in round-robin fashion, ensuring that no single country dominates a batch and
that the within-batch distribution of positive and negative pairs is geographically diverse. The dataset is partitioned
into train, validation, and test sets at a 50/25/25 ratio. This setup converged to the lowest validation loss after 8
epochs.

3.3. Evaluation

The primary metric used is the F1-score. This is particularly important given the imbalanced nature of our dataset,
inherent to the real-world distribution. Therefore we must avoid relying on metrics sensitive to class frequency, such
as accuracy. In addition to the F1-score, we complement with recall. Our classification objectives center on detecting
very specific organizational types, and recall directly quantifies how many instances are successfully retrieved.

To accommodate varying levels of data availability across domains, we adopt domain-specific strategies for split-
ting the dataset into training, validation, and test sets. For domains with limited class coverage—particularly in the
medical and governmental sectors—we apply a 50/25/25 split. Conversely, in the educational domain, where data
availability is higher and class balance is more stable, we employ a more conventional 80/10/10 split.

For rule-based generation algorithms, rule sets are learned independently per country, partitioning training data
into 24 subsets with uneven coverage Although large quantities of training data can be extracted for some classes
from Wikidata, its availability is highly uneven and cannot be assumed a priori for all organizational types and
countries. Even in our examples, class availability across all countries and languages is not guaranteed nor its
unbiased distribution. As an example, for all three considered domains we have more than 1000 instances per class,
but in many countries we are left with less than a dozen. Since a large part of conclusions centers on analyzing
present conventions on naming we cannot exclude any of these cases due to non available data. In the case of Malta
only six hospitals do exist, but that does not entail they cannot exhibit characteristic linguistic patterns. We have
anticipated this data scarcity issue and integrated as a design choice to develop and evaluate methods that generalize
across arbitrary class definitions, rather than optimizing performance for a fixed, well-populated label set. While
relaxing this assumption would likely improve results for specific classes, it comes at the cost of generalization of
the methods to specific use-cases. While it does not affect our other multilingual techniques, in the case of rule
generation we do partition training per country for TF-IDF and Counter keyword generation. Therefore, only in
these cases, we restrict performance evaluation to countries-class partitions for labeled data exceeds a threshold
above 30 instances. Partitions below 30 will not be reported in average F1 metrics.

To benchmark the performance of automatic classifiers, we reference expert-curated rules as a comparative base-
line. While such systems offer valuable insights grounded in domain knowledge, it is unrealistic to expect experts
to cover the linguistic diversity and naming conventions across 29 languages and 24 countries. We evaluate this
baseline only on the answered regions.

Further, we will perform pairwise-statistical tests between experiments to determine if differences in F1 scores are
statistically significant. For rule-based methods we will use the correctness tables and permutation tests. If a certain
parameter is to be evaluated that has several experiments associated (eg. a certain type of preprocessing) we will run
a stratified permutation test where each experiment is a strata. Further evaluation of our rule-based technique will
include analysis of the corpus, language features and their correlation with F1 scores. In the case of NLI we instead
use the classification result confidence for the permutation tests. We do not run all pair combinations but designate
xlm-roberta as the baseline, as it is a stable and well-established model in inference tasks. For embeddings,
we use correctness tables, and our selected baseline is multilingual-e5-large: it is a well-established and
widely adopted multilingual embedding model that has demonstrated strong and consistent performance across
a broad range of retrieval and classification tasks. We also provide three complementary geometric analysis of
embedding quality: class separability, isotropy and label-embedding alignment.



20 A. del Ser and C. Badenes-Olmedo / Linguistic Patterns in Organization Names

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

To evaluate the practical applicability and generalization of our models beyond the Wikidata-derived dataset, we
additionally assess performance on a gold-standard validation set curated from the EU Contract Hub. By testing on
this independent source, we aim to examine whether the performance observed on Wikidata generalizes to other
data environments and institutional contexts. This secondary evaluation also allows us to explore the feasibility of
deploying models trained on semantically structured data in operational settings involving heterogeneous, domain-
specific datasets.

4. Discussion

We have conducted a total of 122 experiments, not including parameter optimization runs. Each experiment varies
in either: domain, method, taxonomy structure, pre-processing, inference or embedding method or classifier head.
Experiments can be identified by a unique ID with four segments separated by dashes. The first identifies the three
domains, the second the technique: the underlying methodology, either rule-based, natural language inference or
embedding-based. The third is the method referring to specific algorithms. The fourth is an increasing integer that
for the rest of the configuration parameters: model, taxonomy structure, number of examples and classifier head.
Some smaller hyperparameters are auto-selected in some cases from a validation set. As discussed throughout the
evaluation, our three target domains exhibit differences in classification performance (Figure 3), reflecting varying
levels of structural complexity and lexical regularity in organization names.

Domain Structure Mean F1 Var F1

Medical 3-class 0.2734 0.0218
Medical nested-class 0.4391 0.0462
Administrative 2-class 0.7245 0.0221
Education 3-multiclass 0.5371 0.0516

Figure 3. The table shows F1 scores for the total 122 experiments across domains and structures. Score differences correlate to the complexity of
the structure. In particular, for the medical domain we can propose the task as a nested taxonomy or two independent classes at classification time.
The optimal structure will depend for each technique. On the right, a boxplot aggregates F1 metric distribution for all-rule based experiments
per domain, this time different structures are aggregated together.

All experiments were conducted on a local machine equipped with 16 GB RAM and 512 GB SSD, running on
Apple’s M4 architecture with Metal Performance Shaders (MPS) acceleration. We encountered memory constraints
when loading language-dependant language models and when computing embeddings, underscoring the non-trivial
resource demands of multilingual embedding tasks even in low-token scenarios. The complete code can be found
on the Github [85]. Datasets and generated embeddings can be found on [83].

4.1. Rule-based Approach

Our rule-based classification section comprises a total of 7 experiments each for the educational and adminis-
trative domains (not including parameter optimization), and 14 for the healthcare domain. Processing time was
negligible in all cases, with all experiments completing within a matter of minutes. Complete results are contained
in the annex, table 5 and figure 18a.

Performance can be interpreted in terms of how effectively domain-specific naming conventions can be captured
through defined lexical patterns or token sets. The results suggest that, in many cases, the functional class or purpose
of an organization can be inferred with reasonable accuracy from lexical information alone. This is particularly evi-
dent in domains such as healthcare, or education where terms like hospital, clinic, and school are both semantically
distinctive and cross-linguistically consistent. But in our dataset 24 languages are present.

Our gold-standard experiment based on a manually curated rule set demonstrated limited generalization across
the dataset, despite being informed by regulatory frameworks and institutional naming norms. Our findings suggest
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that these expert-informed linguistic rules significantly underperform in the face of real-world variability and com-
plexity. A contributing factor could be the ambiguity of Wikidata labels, which frequently do not reflect standardized
official names. As a result, expert rules may either be too technical or overly narrow, missing broader naming pat-
terns—particularly in the healthcare domain. These challenges highlight the importance of flexible, data-informed
approaches for robust multilingual classification. We have selected as benchmark our implementation of a simple
counter algorithm that selects the words most present in the training target classes. We have not opted for expert
rules as they are only available for the medical domain and three countries and lacking the possibility to compare to
all experiments.

In terms of classification structure, we tested a nested approach for the medical domain. It proved a more effective
strategy. This involves first extracting keywords to predict broad domain classes (e.g., hospitals), followed by finer
classifiers trained on the corresponding subsets. By decomposing the task into stages, the nested architecture not
only improves precision but also enhances interpretability. To confirm this, we have tested a two-sided stratified
permutation test. Strata are the pair of experiments that only differ in structure. They are six strata in total (3 pre-
processing × 2 rule generation algorithms). The result confirms that the nested structure significantly outperforms
simultaneous three-class prediction (∆F1 = 0.0049, p < 0.000110). Therefore on the final reported experiments we
will only include nested structure.

In our comparison of pre-processing strategies, we observed only marginal but significant improvements in clas-
sification performance. There are some implementation challenges to deploy these techniques due to the integra-
tion of multiple language-specific tokenization models and dictionaries. SpaCy-based tokenization slightly outper-
formed no pre-processing achieving statistically significant results on a stratified permutation test (∆F1 = 0.0089,
p < 0.0001). Similarly, Wikdict-based compound word decomposition is also significantly better than no pre-
processing at the aggregate level (∆F1 = 0.0055, p < 0.001). Between tokenization and decomposition, tok-
enization reports better F1 scores (∆F1 = 0.0145, p < 0.001). However, these are the aggregated findings and
the motivation for decomposition pre-processing was to address specific languages such as german. After running
stratified permutation tests filtering the correctness tables by country we find interesting results (Figure 4). Decom-
position only performs better for the following languages: german, dutch and finnish. These languages have a high
use of compound words. Notably, Austria does not share Germany’s trend result indicating that even if they share
the same language, regional naming conventions may have a lesser presence of compound words. For another 7
tokenization does outperform decomposition and for the rest the results are inconclusive. Still, we will use SpaCy
tokenization for the following comparisons as the domains where and margins by which decomposition is better are
very limited.

We therefore now compare the three main methods of rule-based approaches: LLM generated rules, counter and
TF-IDF algrithm generated rules using the nested taxonomy for the medical domain and tokenization. We compare
them running pairwise permutation tests between all pairings with the results shown in figure 6. Experiments with
rule sets generated by LLM, aiming to automate the extraction of plausible lexical patterns for classification, per-
formed reasonably well overall. Achieving scores that approached those of later, trained methods, they remained
slightly inferior. They did not exhibit clear signs of hallucination or semantic implausibility; instead, their limitations
were primarily due to insufficient lexical coverage across the diversity of national naming conventions.

Among all rule-based methods, the best-performing approaches were the keyword selection algorithms, with the
counter-based algorithm outperforming LLM rules (∆F1 = 0.0166, p < 0.001) but particularly the refined TF-IDF
best-k-words method. This technique outperforms LLM generated keywords by a greater margin (∆F1 = 0.0204,
p < 0.001) and performs very similar to the counter algorithm with a marginal improvement (∆F1 = 0.0038,
p < 0.001) across domains, with all comparisons surviving Holm correction. The optimal number of selected tokens
differed substantially between both algorithms: the TF-IDF variant achieved comparable or superior performance
using approximately half as many keywords. Token count also varied by domain, reflecting differences in lexical
regularity. The administrative domain is the simplest in this sense, needing only 3 keywords to identify that class
reliably.

10All permutation tests run 10000 permutations. Due to the high volume of test data, most executed statistical tests throughout this study will
report significant results.
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Figure 4. This plot shows ∆F1 between experiments run with SpaCy tokenization and Wikdict decomposition. Negative differences indicate
tokenization performs better and positive ones decomposition. Bonferroni-corrected p-values below 0.05 of the country-filtered two-sided strati-
fied permutation tests are highlighted in red to show significance. We can observe german. dutch and finnish perform better with decomposition
pre-processing, while seven other countries do so with tokenization. Most countries are inconclusive.

To conclude this discussion we present some analytical results on the corpus. It comprises 182,519 organizational
entities totalling 572,685 tokens, with 150,056 unique: a type-token ratio (TTR) of 0.262. This indicates substantial
lexical repetition. On average, entities span 23.9 characters and 3.1 tokens (std. 2.0), suggesting names are pre-
dominantly short 3-word expressions. The hapax ratio of 0.719 reveals that roughly 72% of unique tokens appear
only once, pointing to a long tail of rare naming terms. Morphological diversity is low, entropy values are high
indicating a broad and unpredictable distribution, which is unsurprising given the multilingual nature of the corpus
(table 5. At the country level, there is considerable variation driven primarily by corpus size and language morphol-
ogy. Morphologically rich languages stand out clearly: Estonia and Croatia exhibit exceptionally high suffix and
prefix diversity. Romania and Poland produce the longest average entity names, while Finland and Sweden yield the
shortest tokens on average (table11. We also show Spearman correlations between mean F1 scores per country and
linguistic features. We have extracted language family and syntactical features from lang2vec library and corpus
statistics to establish the most correlated features with high and low F1 scores, as shown in table 6. The strongest
signal is syntactic: languages where the possessor follows the noun (e.g., Romance and Scandinavian) are associated
with substantially higher F1, while the reverse order (Germanic and Slavic languages) is equally strongly associated
with lower F1. This is almost certainly not a direct causal relationship and most likely reflects differences between
language families. Corpus richness consistently helps: countries with more total tokens, more unique tokens, and
more entities in the corpus all achieve higher F1. Higher n-gram entropy also correlates positively, indicating that
lexically diverse corpora expose the model to a wider variety of surface forms for the same organization types.
On the negative side, high morphological diversity and high compression ratio both hurt performance. Among lan-
guage families, Indo-European and North/East Scandinavian languages correlate with better outcomes, while West
Germanic (Franconian, Macro-Dutch) and South-Western Slavic subfamilies fare worse. Taken together, the re-
sults suggest that classification F1 is jointly driven by training data volume in entities and tokens, predictability of
institutional keywords, and the morphological simplicity of the target language.
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Method Mean F1

Expert Rules 0.1480
LLM Generated Rules 0.3720
Counter Algorithm 0.4861
TF-IDF 0.6126

Figure 5. This table displays F1 Scores for expert rules (in available
domain and countries), LLM generated, counter and TF-IDF algo-
rithms averaged across the three domains. Only nested structure and
tokenization configuration is considered. Highest F1 method in bold.

Figure 6. The heatmap displays ∆F1 between the LLM generated,
counter algorithm generated and TF-IDF generated rules, all run with
tokenization and nested structure (if applicable). Full results across
all experiments against the baseline can be found in the annex, fig-
ure 18a. Experiment A is displayed on the x axis and experiment B
on the y axis. The difference is calculated F1(A) − F1(B). Positive
values indicate the c axis experiment performs better and viceversa.
Bonferroni-corrected non-significant p-values obtained from pairwise
permutation tests are not shown.

Metric Value

Mean Char Length 23.869
Std Char Length 14.096
Mean Token Count 3.138
Std Token Count 1.950
ttr 0.262
Hapax Ratio 0.719
Suffix Diversity 0.029
Prefix Diversity 0.029
Token Entropy 13.574
Bigram Entropy 16.193
Trigram Entropy 16.597
Mean Compression Ratio 0.341
Unique tokens 150056
Total tokens 572685
Total entities 182519

Table 5
The table shows overall lexical statistics over the whole corpus. Results per country are shown in Table 11

Figures 19, 20 and 21 in the annex present the keywords that inform our tested best classifier configuration on
the three domains. We show keyword coverage rates of the true positive instances and, on the same scale to favor
comparison, the number of false positives for that keyword. In the medical domain (Figure 19), generic hospital
terms achieve strong coverage with remarkably low false positive rates in most countries — nemocnice (Czech
Republic, 67.7%), szpital (Poland, 65.7%), hospital (Ireland, 85.3%; Portugal, 85.0%; Spain, 71.1%), µί (Greece,
70.5%) — confirming that hospitals are lexically well-anchored across Europe. Complementary nouns such as
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Feature Type ρ p-value

Positively correlated with F1

Possessor after noun Syntax +0.389 <0.001∗∗∗

Total tokens in corpus Corpus size +0.186 <0.001∗∗∗

Number of entities Corpus size +0.182 <0.001∗∗∗

Trigram entropy Corpus lexical +0.178 <0.001∗∗∗

Unique tokens Corpus size +0.161 <0.001∗∗∗

Indo-European family Language family +0.137 <0.001∗∗∗

North Germanic subfamily Language family +0.137 <0.001∗∗∗

East Scandinavian subfamily Language family +0.137 <0.001∗∗∗

Bigram entropy Corpus lexical +0.111 0.002∗∗

F Czech-Slovak — +0.109 0.003∗∗

Negatively correlated with F1

Macro-Dutch subfamily Language family −0.133 <0.001∗∗∗

West Germanic subfamily Language family −0.149 <0.001∗∗∗

South-Western Slavic subfamily Language family −0.156 <0.001∗∗∗

Molise-SKB subfamily Language family −0.156 <0.001∗∗∗

Franconian subfamily Language family −0.162 <0.001∗∗∗

Type-token ratio (TTR) Corpus lexical −0.196 <0.001∗∗∗

Prefix diversity Corpus morphol. −0.198 <0.001∗∗∗

Suffix diversity Corpus morphol. −0.217 <0.001∗∗∗

Compression ratio Corpus lexical −0.232 <0.001∗∗∗

Possessor before noun Syntax −0.389 <0.001∗∗∗

Table 6
Spearman rank correlations (ρ) between country-level F1 and linguistic/corpus features. ρ > 0: higher feature value associates with higher F1;
ρ < 0: the opposite. Only top and bottom 10 features with significant results (p < .05) shown. ∗p < .05, ∗∗p < .01, ∗∗∗p < .001.

centre, clínica complete the coverage. A notable cross-linguistic pattern is the use of hagionyms11: sint in Belgium
(26.5%), szent in Hungary (29.8%), and in Bulgaria (11.5%) all reflect Catholic and Orthodox naming traditions
where hospitals are named after saints, but these terms carry elevated false positive rates. University hospitals share
the same pattern using compound words such as universitetshospital or just academic such as universitario. Though
some countries exhibit keywords of city names or proper nouns which yield elevated false positive rates. This is due
to a lack of training data on these classes indicating training volume requirements should be more strict for building
a practical application.

In the administrative domain, the picture is more uneven, with some countries achieving near-perfect coverage
through a single unambiguous term: taryba (Lithuania, 94.3% ), gemeenteraad (Netherlands, 99.4%), rådhus (Den-
mark, 87.0%), câmara (Portugal, 90.9%). Others struggle with either low coverage or false positive contamination.
Administrative vocabulary overlaps with general language: commune covers 40.7% of French local governments
but generates a 43% false positive rate, regionale and parco in Italy similarly, which indicates natural parks may
be typed incorrectly in Italy as regional governments or a subclass of them. Some countries rely on highly specific
keywords: German verwaltungsgemeinschaft, Finnish kunnanvaltuusto and kaupunginvaltuusto, Austrian gemein-
deamt, precise but low-frequency. We see Austria and Germany, though sharing the same language, have significant
deviations in naming patterns.

In the education domain there is confusion, as expected, with words that refer to both primary and secondary
schools: high coverage but high false positive rates. But more specific terms appear for some regions: lycée in
France (70.4% of secondary schools), škola in Czech Republic (87.6% of primary schools), grundschule (Germany,
44.1% of primary schools), volksschule (Austria, 63.2% of primary schools). The gymnasium family for secondary

11From onomastics: the name of a saint.
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schools is the most consistent cross-linguistic anchor in the dataset, appearing across Germany, Slovakia, Slovenia,
Croatia, Hungary, Sweden, Denmark, Austria, Greece, Lithuania, the Netherlands, and Slavic languages. Spain’s
uses official acronyms ceip (38.2%) and ies (31.9%), which could in this case also help identufy the proportion of
public schools as it is an indicator of that as well. Italy’s secondary schools have personal names, the most common
appearing as keywords: leonardo, vinci, bosco, reflecting the Italian convention of naming schools after historical
figures.

Overall, our experiments demonstrate that lightweight rule-based methods can achieve remarkable classification
performance, comparable to more sophisticated embedding-based approaches. These methods offer significant ad-
vantages in terms of computational efficiency and specially interpretability. Their success is further reinforced by
the ontological grounding of the training data, which provides annotated instances. Variability and coverage within
each class are critical factors and in some cases we suspect that results may be adversely affected by Wikidata’s
composition, particularly when most instances within a class are overly homogeneous. The results suggest that the
functional role of a public sector organization is often strongly grounded in the lexical presence of specific keywords.
Our approach constructs a country-specific lexical dictionary, capturing these discriminative features and allowing
lexical pattern mining, for tasks where domain semantics are linked to naming conventions. Naming patterns in EU
public organizations tends to be very descriptive and generally standardized across regions. In some cases they are
not trivial but high-coverage keywords appear that could potentially be useful for graph population and cleaning.
However, cross-border differences are too pronounced to generalize to a multilingual method. The generalization
of these approaches to more complex classification tasks remains an open question. Potential limitations include
diminished effectiveness when applied to non-class properties, or non-organizations. Performance also deteriorates
with sparse labeled data, as LLM-generated rules have shown limited reliability in our experiments due to the very
specific nature of naming patterns. Furthermore, the scalability of rule-based methods to longer input sequences and
broader context windows has yet to be validated. While the current findings underscore the strength of ontology-
guided lexical modeling in varied, multilingual environments, further research is needed to evaluate its robustness
and adaptability in higher-complexity domains.

4.2. Natural Language Inference

For the Natural Language Inference (NLI) experiments, we evaluated four multilingual models using a consis-
tent zero-shot classification pipeline. This setup requires minimal configuration but is computationally intensive:
the largest models process approximately 11 instances per second, while the compact MiniLMv2 model achieves
around 40 instances per second. Across the full dataset, inference took approximately 24 hours to complete. Com-
plete results and charts are contained in the annex: Table 8 and Figure 18b. To evaluate if a few-shot paradigm
improves performance we initially test prompting those inference-tuned models. However, the added examples con-
fuse the models and do not perform well. Instead we opt for a generative LLM approach.

In contrast to our rule-based experiments, the nested classification structure did leads to much degraded per-
formance in the NLI setting and is subsequently discarded from testing. We propose this behavior is caused by
a combination of class imbalance and error propagation. Indeed, setting thresholds for confidences is non-trivial
in this setup and to keep the zero-shot paradigm, its optimization on a training set was discarded. Instead, in our
threshold-agnostic setup, the most probable label is selected with an ’others’ class added. This can lead to mis-
classifications. Additionally, the NLI model may struggle to resolve fine-grained distinctions when presented with
hypothesis classes that are semantically close but hierarchically nested. For instance, if the system consistently se-
lects “university hospital” over “hospital” due to marginally higher entailment scores, it may skew the evaluation
metrics, which penalize equally all misclassifications. These findings suggest that either threshold calibration or
error design are critical when adapting nested structures to NLI-based pipelines.

Similarly to the rule-based experiments we run pairwise, stratified by domain, two-sided, permutation tests. In-
stead of traditional binary correctness, which relies on majority confidence, we evaluate the continuous confidence.
This measures the proximity of the model’s posterior probabilities to the ground-truth labels. For an instance x ∈ X
with ground-truth binary labels y ∈ {0, 1}K across K classes, and model confidence scores ŷ ∈ [0, 1]K , the instance
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Method Mean F1

XLM-RoBERTa 0.5606
BGE-M3 0.5119
mDeBerta 0.5327
MiniLM 0.2974

Figure 7. This table displays F1 Scores for XLM-RoBERTa,
BGE-M3, mDeBerta and MiniLM NLI models averaged across the
three domains. Only flattened structure ais considered. Highest F1
method in bold.

Figure 8. The heatmap displays ∆F1 between the XLM-RoBERTa,
BGE-M3, mDeBerta and MiniLM NLI models, all run with major-
ity confidence classification and flattened structure for the medical
domain. Full results across all experiments against the baseline can
be found in the annex, figure 18b. Experiment A is displayed on the
x axis and experiment B on the y axis. The difference is calculated
F1(A) − F1(B). Positive values indicate the c axis experiment per-
forms better and viceversa. Bonferroni-corrected non-significant p–
values obtained from pairwise permutation tests are not shown.

score S (x) is defined as:

S (x) =
1

K

∑
k∈K

(1− |yk − ŷk|)

This metric rewards models for high-confidence correct predictions and low-confidence incorrect predictions, pro-
viding a more defined signal for model comparison. The pairwise comparison of NLI models indicates that larger
models deliver superior classification performance. roberta-large is the strongest model overall, whose size
makes up for the majority-english training as is not the case with bge-m3 and mDeBerta. It outperforms MiniLM
by 0.08 points in mean correctness, mDeBerta by 0.03, and bge-m3 by 0.01. At the other end, MiniLM, as expected
being the small model, is consistently the weakest as well. Though, the gaps between the top three are modest which
suggests that multilingual models bge-m3 and mDeBerta are competitive and may be preferable in practice.

We additionally experimented with augmenting the NLI prompts using one-shot and few-shot example. However,
this strategy yielded very degraded performance. NLI models are optimized to assess the entailment relationship
between a single hypothesis and premise pair. Introducing prior examples into the hypothesis may distract the
model. As such, we do not include these experiments in our study.

These findings highlight the potential of rule-based systems as lightweight, interpretable alternatives in low-
resource and multilingual classification settings. However, their effectiveness diminishes as the number of target
classes increases. We suspect that, NLI-based models may suffer from increased confusion, and misinterpretation
of the “other” class. One possibility for improvement involves implementing threshold-based classification. Prelim-
inary binary classification experiments using thresholding showed promising results, suggesting that this strategy
could mitigate over-prediction. Nevertheless, a critical challenge remains: obtaining the thresholds without over
reliance on labeled training data or class distributions. Moreover, the stability of threshold-based approaches under
different distributions must be assessed. Specifically, it remains an open question whether thresholds calibrated on
Wikidata-derived samples would transfer reliably to new datasets with different class balances.

An additional possibility common in the literature involves a definition-based classification approach. Rather
than relying solely on label matching, this method would integrate class definitions into a structured set of infer-
ence questions about each instance. For example, in the case of university hospitals, classification could proceed
by sequentially verifying whether the organization (i) functions as a healthcare facility, (ii) provides comprehensive
general care distinguishing it from specialized clinics, and (iii) engages in the education of medical students. Each



A. del Ser and C. Badenes-Olmedo / Linguistic Patterns in Organization Names 27

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

of these properties could be individually tested by suitably modifying the hypothesis formulation. Although the low-
context setting limits the immediate applicability of definition-based classification, access to richer textual sources,
such as descriptions obtained via web scraping, could substantially broaden its viability. A key advantage of em-
ploying NLI models lies in this flexibility: by appropriately modifying the hypothesis prompt, it becomes feasible to
infer different ontological properties beyond simple class membership. This enables multi-property classification,
ontology enrichment, and dynamic taxonomy construction, provided that sufficient and reliable contextual infor-
mation can be gathered. Such an approach would align well with knowledge graph augmentation efforts and holds
potential for expanding automated understanding of public sector organizational structures.

Regarding generative LLM classification, we adopt the few-shot prompting strategy detailed in Listing 4. We
construct domain-specific few-shot contexts by sampling labeled instances from the training split in a round-robin
fashion, ensuring equal representation across both countries and classes. The model is instructed to emit all class
predictions in a domain simultaneously given a name as input. To ensure comparability with the discriminative
experiments, we adopt the same domain-based train/test splits throughout. Generative classification incurred by far
the highest computational cost of all methods evaluated. An initial configuration capping the model’s reasoning
budget at 718 output tokens proved insufficient: the model failed to produce well-formed classifications within
that window. Raising the parameter to 2048 tokens achieved some results but caused inference time to spike to
over 72 hours for a single domain. Given this cost, and that performance did not surpass other approaches (Mean
F1: 0.4791), we do not explore further other generative options. However it does surpass the simple rule generative
approach which indicates that this paradigm performs better with more degrees of liberty to decide per instance. The
results suggest that, for the name-only classification setting, the reasoning overhead of generative models confers
no measurable benefit over encoder-based discriminative approaches, while imposing prohibitive latency for any
real-world deployment scenario.

4.3. Embedding-based Classification

Embedding-based methods proved to be the most computationally intensive component of our experiments.
The generation of embeddings for the full dataset required approximately 100 hours for the Mistral-7B and
GTE-Qwen2-7B models, while even the smaller Multilingual-E5-Large model needed close to 20 hours.
The embedding output files for GTE-Qwen2-7B and Mistral-7B individually exceeded 20 GB. Evaluation time
of Cosine Similarity and Classifier experiments is negligible. Training of classifiers takes variable time depending
on the dimension of embeddigs. Logistic Regression training can take from one hour to five while Support Vector
Machines take between 8 and 60 hours (8 models are trained per experiment to tune the hyperparameters). These
observations highlight that, while embedding-based classification can offer high performance, its deployment poses
logistical challenges. Complete results and charts are contained in the annex: Tables 9 and 10 and Figure 18c.

In terms of performance, the initial zero-shot cosine similarity approach—matching embeddings directly to class
labels, proved to be quite competitive relative to other techniques considering that it operates without any labeled
training data. Nevertheless, this remains a restricted form of classification and, overall, performs worse than NLI
models. Furthermore, one-shot experiments, which use a single randomly selected example per class for comparison,
consistently yielded lower scores than zero-shot label matching. This suggests that there exists semantic variability
in the vector space within class clusters, and that instance distributions are not perfectly compact with respect to
semantic similarity. In fact some one-shot examples tend to optimize distance lower than the label prototypes. In
fact, this distance varies from domain to domain, with higher thresholds suggesting separability of the class. For the
binary administrative domain, some distances are at 0.7, while on the others range from 0.1 to 0.3. Few-shot pro-
vides more granular boundary and tends to reduce the optimal distance to around 0.5, suggesting that the provided
examples cover the initial zero-shot classification boundary well. They showed performance improvements in some
cases but were highly dependent on the choice of encoder and the domain. Improved performance in few-shot setups
could point to regional or linguistic dispersion instead of stronger class-specific cohesion. This phenomenon was
slightly notable in the administrative domain and most evident with the GTE-Qwen2-7B embeddings. These ob-
servations imply that entity clustering is not very influenced on these multilingual embeddings by regional naming
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Figure 9. The left figure shows training and validation Supervised Contrastive losses. We have used a learning rate of 2× 10−6 and temperature
0.6 with batches of size 64. Patience is 10, and the optimal found epoch is number 8. On the right a sample of 8 instances per class (including
negative instances) is shown during the training process up until epoch 8. Opacity encodes the epoch index, and consecutive representations of
the same instance are connected by a line. We observe that all classes are rapidly pulled together, and that neighboring classes, ie. those sharing
some instances in the dataset, remain similarly close in the projection. Notably, the nested university hospital and hospital classes exhibit a
higher degree of grouping than primary and secondary schools. This appears to validate our adaptation of the Supervised Contrastive Loss to
avoid penalizing such nested or overlapping class instances.

conventions rather than by functional class. The use of per-class optimized thresholds—rather than a global deci-
sion boundary—could potentially have enhanced performance, especially in domains exhibiting higher semantic
variability, but we have opted to limit that boundary adjustment for the classifier experiments.

As the final component of our embedding-based techniques, we move from static embeddings to a finetuned
encoder trained with Supervised Contrastive Learning Loss on our target classes. Optimal validation loss is reached
quickly so we switch to a low learning rate and an extended hyperparameter search, obtaining our best results in
just 8 epochs. Figure 9 shows the loss curves and, most importantly, the trajectory of a sample of points on a 2-
dimensional Principal Component Analysis plot. Points belonging to the same class cluster together, while other
organizations are pushed towards the center. This appears to suggest that, contrary to our initial expectations, this
method may struggle to generalize to unseen classes, at least given the large number of classes with limited examples
each. This is consistent with the nature of the Contrastive Loss objective, which pushes negatives apart and pulls
positives together without incorporating any broader semantic signal. On the positive side, embedding metrics are
greatly improved by this method. Therefore, when target classes are known in advance and some labeled training
data is available, this approach appears to be a viable option.

For testing we run four comparisons using the same stratified permutation tests specified in other families. We
rely on correctness tables and test:

– We test our five models against each other across all classifier methods and domains (both cosine-based and
classifier heads).

– Then we test the five classifier methods (cosine-similarity to label or 0-shot, cosine-similarity to random class
prototype or one-shot, cosine-similarity to country prototypes or few-shot, logistic regression head and support
vector machine head) against each other across all embedding models and domains.

Across all evaluated embedding models (Figure 11), performance was relatively consistent, with compara-
ble results achieved across domains. Only the smaller e5-small model had a significant performance drop
of 0.11 to the baseline Multilingual-E5-Large, which generalized particularly well in the zero-shot
label matching task, delivering robust performance with less resource requirements. While the larger mod-
els—GTE-Qwen2-7B-Instruct and E5-Mistral-7B-Instruct offered slightly higher overall scores,
the performance gains were marginal relative to their computational cost. Interestingly, between Mistral and Qwen
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Model Mean F1

finetuned-me5 0.6384
mistral 0.5796
qwen 0.5454
multilingual-e5 0.5298
e5-small 0.4165

Figure 10. This table displays F1 Scores for
Multilingual-E5, Small Multilingual-E5,
Supervised Contrastive Learning Finetuned
Multilingual-E5, Mistral and Qwen models
averaged across the three domains and five
classifier methods. Highest F1 method in
bold.

Figure 11. The heatmap displays mean ∆F1 between the Multilingual-E5, Small Multilin-
gual-E5, Supervised Contrastive Learning Finetuned Multilingual-E5, Mistral and Qwen mod-
els. Full results across all experiments against the baseline can be found in the annex, figure
18c. Experiment A is displayed on the x axis and experiment B on the y axis. The difference is
calculated F1(A)− F1(B). Positive values indicate the c axis experiment performs better and
vice versa. Bonferroni-corrected non-significant p-values obtained from pairwise permutation
tests are not shown.

no significant difference was observed Given the minimal context provided by organization names, these results
suggest that deploying large-scale generative embedding models may not be justified in such a constrained setting.
We have to consider our finetuned e5 model to again see a significant increase in F1 performance. These results
clearly indicate finetuning an embedding model is much more important and less computationally demanding than
utilizing larger models and embedding vectors for classification tasks. In terms of classification methods (Figure
13) we observe, as expected, that SVM heads are the clear winner with a 0.27 increase over the baseline cosine-
similarity classification. Then comes Logistic Regression. Between the similarity methods, the 0-shot paradigm is
the clear winner. This indicates the label is a bigger representative in the embedded semantic space than an example.
Between having several examples or one, there is a clear difference in favor of providing several class prototypes
(one per country), which suggests, regional variance is translated to distance between embeddings. The similarity-
based embedding approach performance in the zero-shot configuration, demonstrates effective generalization from
class labels to unseen instances and highlighting the model’s capacity to capture latent semantic structure. Despite
the constrained nature of our experimental design, these results suggest that class clusters exhibit meaningful in-
ternal coherence, potentially skewed due to semantic overlap, but without strong alignment to regional variables.
We can interpret the LR head scores as a Linear Probe test. Our mean score of 0.69 indicates that classes within
embedded space are reasonably well linearly separated, at least in our reduced taxonomy.

To conclude this section, we present an analysis of the embedding spaces produced by our models in terms of class
separability, isotropy (how uniformly representations are distributed across dimensions) and label-embedding align-
ment in figure 14. FDR (Fisher´s Discriminant Ratio) measures how well the embedding space separates distinct
classes. The dramatic increase from base models to finetuned-me5 suggests that task-specific training substantially
reshapes the geometry of the space. This is particularly relevant in a corpus with many fine-grained and over-
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Method Mean F1

Clf (SVM) 0.7647
Clf (LR) 0.6966
Sim (0-shot) 0.4447
Sim (few-shot) 0.4303
Sim (1-shot) 0.3735

Figure 12. This table displays F1 Scores
for 0-Shot, One-Shot and Few-Shot co-
sine similarity and LR and SVM Classi-
fier heads averaged across the three do-
mains and five embedding models. Highest
F1 method in bold.

Figure 13. The heatmap displays mean ∆F1 between 0-Shot, One-Shot and Few-Shot cosine
similarity and LR and SVM Classifier heads. Full results across all experiments against the
baseline can be found in the annex, figure 18c. Experiment A is displayed on the x axis and
experiment B on the y axis. The difference is calculated F1(A)−F1(B). Positive values indi-
cate the c axis experiment performs better and vice versa. Bonferroni-corrected non-significant
p-values obtained from pairwise permutation tests are not shown.

lapping organizational categories. Isotropy measures how uniformly embeddings are distributed across the space.
Near-zero values across all models confirm the well-known anisotropy problem in similar tasks of the literature,
where representations collapse into a narrow cone rather than spanning the full space. This means models are not
exploiting their full representational capacity, and similarity computations may be dominated by a few dominant di-
rections. The high FDR of the finetuned model despite equally near-zero isotropy suggests that finetuning does not
fix anisotropy but rather learns to pack discriminative class information more efficiently into those same dominant
directions, which is a effective but inefficient solution. Mean Reciprocal Rank (MRR) and Recall@k assess retrieval
quality over neighbors. The setup is a kNN retrieval over entity embeddings: each entity is used as a query against
the full corpus, and the ranking based on cosine similarity to all other entities. Even though kNN is not considered
as a classification algorithm due to its dependance on class distribution, here it serves as a comparative measure
of the neighboring instances classes between embedding models. MRR then captures how consistently an entity’s
closest neighbor in embedding space belongs to the same organizational class and Recall@k measures whether at
least one same-class entity appears in the k nearest neighbours, a softer test of class neighbourhood cohesion. The
slight divergence between the two for finetuned-me5 hints that finetuning sharpens the model’s confidence in its top
prediction at the cost of some broader coverage, a reasonable trade-off for entity disambiguation tasks where the
top-ranked candidate is typically used directly. Taken together, the metrics suggest that while all models retrieve
competently, only finetuning meaningfully restructures the embedding space geometry, which may matter most for
robustness on rare or ambiguous entity types.

Integrating embedding representations with supervised classification techniques consistently improved overall
performance, making this the best-performing method across our evaluation. These findings offer partial validation
of our hypothesis: that the embedding space captures latent semantic meaning sufficient for distinguishing public
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FDR Isotropy MRR Recall@10
Model

e5-small 5.5388 0.0000 0.9178 0.9898
multilingual-e5 21.5714 0.0000 0.9521 0.9950
qwen 27.3535 0.0000 0.9420 0.9922
mistral 39.1506 0.0000 0.9556 0.9940
finetuned-me5 67.6518 0.0000 0.9598 0.9908

Figure 14. This table displays Fisher´s Discriminant Ratio (FDR), Isotropy,
Mean Reciprocal Rank (MRR) and Recall@k using kNN for e5-small, mul-
tilingual-e5, qwen, mistral and our SupCon finetuned multilingual-e5 encoder
models. It can be seen class separability (FDR) increases greatly on finetuning
and all other measures remain similar. Anisotropy remains a problem even after
finetuning consistent to what whas found in [9]. This behavior was proposed as
intrinsic to attention mechanisms in [29].

Figure 15. This line plot shows the evolution of recall@k
for our encoding models. Most models begin with a good
recall@1 with the winner being our finetuned me5. As k
increases, finetuned-me5 is overtaken by mistral and later
qwen, which points to a meaningful difference in how these
models structure their neighborhoods. Finetuning pulls to-
gether the core of each class cluster potentially at the expense
of its periphery that becomes disadvantageous at higher k.

sector organization types. While embedding-based inference may not be suitable to map complex relational reason-
ing tasks, the potential of these embedding spaces for unsupervised analysis, such as clustering, warrants further
investigation. We conjecture that such embeddings may not cluster primarily by language or country, but instead
organize instances according to institutional function. This positions embedding-based techniques as a powerful and
generalizable tool for multilingual classification and ontology discovery.

5. Results and Conclusions

5.1. Results

This study addressed the multilingual classification of public sector organization names across healthcare, ad-
ministrative, and educational domains. Performance varied substantially across domains due to their taxonomy
complexity. We evaluate three simple taxonomies, but still, the medical domain proved most challenging

We show that lightweight rule-based methods, particularly TF-IDF keyword extraction, can achieve strong perfor-
mance in low-context, multilingual settings. However, pre-processing remains a challenge for multilingual standard-
ized compound handling and tokenization, requiring adjustment. Each language requires different pre-processing
to reach optimal results, but for a small performance drop a universal tokenizer like SpaCy outperforms no pre-
processing and Wikdict-based decomposition overall.. Regional differences continue to play a significant role in
language processing, but our tests report that TF-IDF based keyword extraction outperforms counter-based algo-
rithms by a small margin. Expert generated rules fail to generalize or understand the corpus and perform poorly
for classification. Algorithmic processing of texts still proves essential in understanding proper names where lexical
signal is stronger than semantic or syntactic ones. Our results suggest that the lexical presence of domain-relevant
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terms is a key factor, with meaningful keywords emerging consistently across different regions and languages. The
interpretability of TF-IDF based rule methods provides clear outcomes that no other method can match. In this
context, analyzing corpus keywords provides a summary of naming patterns easily that is easily understandable.

Natural Language Inference (NLI) models did not achieve competitive zero-shot performance, require careful
calibration and are sensitive to fine-grained distinctions between semantically close classes. For unsupervised we
recommend embedding-based cosine similarity instead. Small language models offer a comparative efficiency ad-
vantage to large generative ones, but their main limitation is adapting the task effectively to an entailment problem
without providing supervision. This approach could prove better for name classification when more metadata is
available. The best model proved XLM-RoBERTa but the difference is not too great from smaller multilingual
models like BGE-M3, which we recommend. Further training of smaller language models is necessary to improve
performance in Universal NLI tasks. The generative few-shot approach achieved similar macro-F1 under the 2048-
token budget. This confirms that reasoning capacity alone does not compensate for the absence of a structured
classification objective when inputs are limited to short name strings.

Embedding-based approaches demonstrate consistent generalization across domains, enabling effective cluster-
ing of organization types based on latent semantic features. These methods revealed that class structure within the
vector encodings is driven more by functional semantics than by linguistic variation. Also, larger models did not
offer substantial performance gains over the multilingual-e5 model, but smaller models do suffer from degraded
results, which indicates there might be a threshold above which an embedding model size is sufficient for class
representation tasks. Instead, performance was primarily dependent on the quality of the downstream classifier, sug-
gesting that embedding-based pipelines can scale efficiently if well optimized. This family provides an alternative
option for the zero-shot approach based on cosine similarity to labels. It is more computationally intensive but this
can be expanded using finetuned embeddings, or clearer decision boundaries with trained classifier heads. Within
similarity experiments, the addition of examples did not improve over using class embeddings, which indicates
semantic representations of instances cluster around the class representation and show a promising approach for
universal classification based on cosine distances. Similarly, regional differences appear to be represented in smaller
clusters within as few-shot approaches perform better than one-shot approaches. The Supervised Contrastive Fine-
tuned e5 model achieves a ery significant increase in performance, even without classifier being comparable to the
best SVM+Mistral experiments. We attribute this to the dual training regime which proves the effectiveness of both
choice and variety of training objectives.

Upon manual inspection, we observed a highly unequal distribution of instances across countries, which may
point to systemic coverage biases or incomplete curation within certain regions. This uneven representation can
negatively affect model generalization. Semantic drift has also been observed when inspecting rule-classifiers key-
words, primarily due to the mislabeling of instances. Several of our results point to issues with data quality within
the Knowledge Graph that must be tackled regionally. This reflects a broader issue within Wikidata, where many
classes are ambiguous or overlapping, making it unsuitable to serve as a ground truth without further refinement. The
lack of clear class boundaries often leads to noisy supervision. However, it is worth noting that overall performance
on the new dataset remains consistent with our previous findings.

To provide a unified comparison across classifiers, we present a Critical Difference (CD) diagram [14] in Fig-
ure 16b. To ensure a sufficient number of independent observations for the statistical test, we treat each country-
domain combination as an independent dataset, yielding 72 observations per method (24 countries × 3 domains.

Returning to RQ1 on whether NLP techniques trained on Knowledge Graph data remain effective on name orga-
nization classification. We have carried an extensive suite of experiment across three families and report F1 scores
between 0.61 and 0.83 for best rule-based experiments; between 0.47 and 0.77 for NLI experiments and between
0.68 and 0.90 for embedding-based experiments, where the range in each case reflects variance across domains
rather than across model variants. The consistent ordering (embedding-based > rule-based > NLI) holds across
mean F1. The three families offer different properties aside from performance, most notably, interpretable rules
and omission of training data. Taken together, these results confirm that Knowledge Graph-derived supervision,
training targets for classifiers, or contrastive anchors provides a viable and consistent signal for organization name
classification across domains and languages. The answer to RQ1 is therefore affirmative, with the caveat that NLI
zero-shot as tested using entailment and generative models does not provide strong results. Therefore training is
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MR MED MAD

Rules (LLM) 6.432 0.511 0.076
NLI (mDeBERTa) 6.091 0.689 0.115
Rules (IDF) 4.977 0.874 0.067
ME5 (Sim) 4.136 0.921 0.056
ME5 (SVM) 2.841 0.984 0.007
FT-ME5 (SVM) 1.773 0.989 0.006
FT-ME5 (Sim) 1.750 0.990 0.007

(a) Summary statistics from the tests. Mean Rank
(MR) is the average per-dataset rank across all obser-
vations, lower is better. MED and MAD report the me-
dian and median absolute deviation of F1 scores. (b) The diagram, ranks classifiers by their mean F1 across all domains

and countries, and draws a horizontal bar, the critical difference, con-
necting any pair of methods whose performance difference is not sta-
tistically significant.

Figure 16. Friedman-Nemenyi analysis and Critical Difference Diagram across all country-domain pairs. Each classifier is ranked separately
on each dataset (country-domain pair) and mean ranks inform position on the diagram’s axis. Classifiers rank distributions are tested using
Friedman to determine whether any significant difference exists among the classifiers as a group. As significant differences are detected, the
post-hoc pairwise comparisons are conducted using the Nemenyi test, which computes a critical difference value. In the diagram, a horizontal
bar connects all pairs that do not exceed this threshold and should therefore be treated as statistically equivalent; methods outside each other’s bar
are significantly distinguishable. The configurations entered into the comparison have been selected according to optimal results in the statistical
test carried on the discussion: TF-IDF with tokenization, LLM-generated keywords, RoBERTa-large for NLI, cosine similarity on multilingual-e5
as the zero-shot embedding baseline, an SVM head on multilingual-e5 as the supervised embedding configuration, and both of those repeated on
SupCon fine-tuned multilingual-e5 embeddings.

still necessary for a robust classifier and Wikidata proves essential in this task of achieving a Universal Classifier by
providing flexible taxonomies against which we can query and optimize training to provide optimal results.

RQ2 asks whether interpretable patterns can be derived from cross-country analysis of the corpus itself and ex-
perimental scores of different methods. The keyword and language feature analysis across 27 countries reveals
strong regional variation in naming conventions: all organization types present strong lexical standardized key-
words. Some of these point to potentially misclassified entities in some Wikidata coutries. Therefore it is essential
to consider regional variations when accounting for data quality in the platform. Some other notable insights is the
use of names of catholic saints for hospitals, of historical figures for schools and toponyms for governments. De-
composition of words proves useful in only some languages such as german, finish and dutch. Strong performance
in rule-based methods is positively correlated with corpus volume and lexical diversity but also language features
such as trigram entropy. Performance is negatively correlated with prefix and suffix diversity and compression ratio.
Between TF-IDF selection of keywords and a simple counter, performance varies across countries. TF-IDF favours
the Netherlands, France, Slovenia, Austria, Spain, Denmark and Germany where institutional designators tend to
be stable, morphologically simple, and class-specific, where inverse document frequency component that the other
algorithm lacks, is higher. Counter performs better for Lithuania, Ireland, Czech Republic, Italy and Poland. The
methodologies employed revealed distinct trade-offs. Rule-based methods offered interpretability and efficiency but
struggled with dependency in training coverage. NLI-based approaches did not perform well with minimal labeled
data, and multi-class classification remained challenging without threshold tuning. Embedding-based methods de-
livered the highest overall performance when coupled with supervised classifiers, confirming that semantic spaces
can effectively capture functional organizational attributes even in low-context inputs.
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5.2. Future Work

This work opens several promising directions for future research. First, NLI pipeline would benefit from thresh-
old calibration, particularly to address class imbalance and improve performance on hierarchical or semantically
overlapping classes. In the embedding spaces, evaluating the distribution of class instances and conducting clus-
tering analysis, using metrics such as silhouette scores, v-measure, or intra/inter-cluster distances, could guide the
development of more generalizable embedding space finetuning objectives.

Second, the current study operates under a strict low-context assumption. Incorporating contextual information,
such as organizational descriptions or web-scraped summaries, could significantly enhance classification accuracy,
particularly for fine-grained or ambiguous cases. This additional information would also enable more sophisticated
NLI strategies, such as decomposing class definitions into logical subcomponents and verifying them through tar-
geted entailment queries.

Another future direction involves expanding the classification task beyond the current class property to include
other organizational attributes—such as legal status (public vs. private, SMEs...) or relationships (eg. modeling
of organization relations). By extending the classification task to other ontological properties, the methodology
developed remains relevant and can help automated validation of the semantic structure. Furthermore, applying
the proposed methods to private sector entities could test the generalizability of the approach outside of public
administration.

Finally, a particularly impactful application lies in the integration of these models with semantic resources like
Wikidata. Our methods could support knowledge graph validation by detecting inconsistencies, suggesting new class
assignments, or recommending changes to existing taxonomies through structured inference. This would contribute
to automated ontology refinement and enhanced alignment between textual data and formal semantic represen-
tations. But as they currently stand, the methods presented in this work represent a broad comparison study and
could be better task-adapted. They may not be optimal enough to warrant direct contribution to Wikidata or anal-
ogous knowledge base. Although automated entity classification holds clear promise as a module within broader
tasks such as Entity Linking, Named Entity Recognition or Graph Population and Cleaning pipelines, several open
challenges remain: the construction of larger, more representative training corpora that span the full diversity and
complexity of taxonomies; the development of generalizable encoder models whose classification geometry trans-
fers reliably to unseen domains; and the detection and characterization of emergent properties that would signal
a system is ready for deployment in a live graph setting. We regard these as the natural next steps, and we hope
the comparative evaluation conducted here provides a concrete baseline against which future, contribution-ready
systems can be measured. In spite of this, practical applications of these findings are immediate and diverse. Within
the EU Contract Hub project, the classification models are already being deployed to classify procurement contracts
by contracting authority type, such as hospitals and university hospitals. Future work could extend this analysis to
assess joint procurement participation by government entities, an area of strategic interest for fostering collaboration
in digital infrastructure projects. Similarly, the classification of public schools could support geographic coverage
studies and policy planning by analyzing distribution patterns. Additional organizational properties, such as public
versus private ownership, could also be inferred with limited extensions to the methodology.

The problem addressed in this work can be understood as a sequence of larger challenges, each adding a layer of
complexity. We begin with the general problem of classifying a short, low-context text span, not embedded within
text like common tasks of Named Entity Recognition (the setting studied in FewNERD [15] and related benchmarks)
into a fine-grained label space. Further hierarchical taxonomies adds the constraint that labels are not independent,
introducing consistency requirements. Our nested versus flat experiments provide a preliminary approach, but ded-
icated hierarchical objectives remain unexplored. Finally, the innermost and most practically demanding layer is
the multilingual, cross-region setting, where all of the above challenges compound with morphological diversity
and uneven resource availability. As part of our evaluation we have developed a small 100-entity manually curated
dataset which we considered presenting as another contribution. Within Organization they have Government and
Education and within Building, Hospital. Besides the taxonomy mismatch of Hospital, contributing to FewNERD
would require sentence-level annotated spans, which our dataset does not contain. We propose that Named Entity
Recognition benchmarks does not need to be bound to the sentence-span paradigm, and structured, JSON-based
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evaluation datasets constitute a legitimate alternative. A benchmark of this kind could progressively incorporate ad-
ditional structured attributes common across administrative, procurement, and knowledge graph datasets: address,
description, NACE codes, webpage, etc. This design would directly target the low-context retrieval stage that pre-
cedes full NER and entity linking.

5.3. Conclusions

latex

5.4. Conclusions
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6. Annex I: Tables and Figures

6.1. Prompts

Listing 1: Query to extract all instances of a class and its subclasses per country.

SELECT DISTINCT * WHERE {{
?item wdt:P31/wdt:P279* wd:{class_id};

wdt:P17 wd:{country_id};
}}
LIMIT 100000

Listing 2: Query to link Instance ID to name and class.

SELECT ?item (GROUP_CONCAT(DISTINCT ?name; SEPARATOR=", ") AS ?names)
(GROUP_CONCAT(DISTINCT ?class; SEPARATOR=", ") AS ?class_ids)
(GROUP_CONCAT(DISTINCT ?classLabel; SEPARATOR=", ") AS ?classes)

WHERE {{
VALUES ?item {{ {instances_str} }}
?item wdt:P31 ?class;

rdfs:label ?name.
FILTER(LANG(?name) IN ({languages_str}))
?class rdfs:label ?classLabel.
FILTER(LANG(?classLabel) = "en")

}}
GROUP BY ?item

Listing 3: LLM prompt used for keyword name generation.

Return a structured text response containing a dictionary. Your output **must strictly** be a valid JSON
↪→ dictionary without any additional text, explanation, or formatting.

### Structure:
The dictionary will strictly have the 27 following keys, each corresponds to a EU Member State in this

↪→ equivalence:
Q29: Spain, Q45: Portugal, Q142: France, Q233: Malta, Q41: Greece, Q38: Italy, Q183: Germany, Q31: Belgium,

↪→ Q55: Netherlands, Q34: Sweden, Q33: Finland, Q211: Latvia, Q191: Estonia, Q37: Lithuania, Q36: Poland
↪→ , Q28: Hungary, Q218: Romania, Q214: Slovakia, Q213: Czech Republic, Q215: Slovenia, Q40: Austria,
↪→ Q219: Bulgaria, Q224: Croatia, Q229: Cyprus, Q35: Denmark, Q27: Ireland, Q32: Luxembourg

Each country code must be mapped to a **list of exactly five keywords** that commonly appear in hospital
↪→ names in that country.

### **Hospital Inclusion List**
- These keywords will be used for **regular expression-based name matching** to identify hospitals from **

↪→ organization** names.
- Keywords must specifically appear in hospital names within the given country. It is important they do not

↪→ include other healthcare facilities.
- Consider all official and widely used languages of the country.
- What keywords typically appear in **hospital** names in each country?
- Select terms that uniquely distinguish **hospitals** from other **organizations**.

### **Final Output Rules:**
1. **Must be a valid JSON dictionary** no extra text, explanations, or formatting.
2. **Each country must have exactly five keywords** in its respective languages.
3. **No additional commentary or metadata.** Return only the JSON object.
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### **Example Output (Format Only, Not Real Data):**
For example your output will begin: {’Q29’:["keyword1", "keyword2", "keyword3", "keyword4","keyword5"], ’Q45

↪→ ’:[...

Ensure your response **strictly follows** this structure. No additional text or formatting is allowed.

Listing 4: LLM prompt used for keyword name generation.

Given an organization name, decide which of the following classes it belongs to: [{class_list}] or none.
An organization can belong to multiple classes or none.
Here are examples from different countries:
{few_shot_block}
Respond with ONLY a JSON object like: {{{example_pairs}}}
using 1 for yes and 0 for no, for each class in [{class_list}]. Nothing else.

6.2. Experimental Results
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(a) Medical domain

(b) Administrative domain

(c) Educational domain

Figure 17. This plot shows the volume of entities per domain in our dataset. Each subfigure shows the distribution of entities by country and
class in the Medical, Administrative, and Educational classes respectively. As mentioned, even with high data vlume overall, when partitioning
our data into classes (specially minority ones like university hospitals) and most importantly, countries it can be seen that data scarcity is very
much an issue. Fragmentation of data is unavoidable due to the intrinsic differences between regions.
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(a) Rule-based family of experiments. Experiment configurations and complete scores can be read in table 5. Selected baseline
is Counter keyword selection using without preprocessing.

(b) Natural Language Inference family of experiments. Experiment configurations and complete scores can be read in table 8.
Selected baseline is zero-shot classification using RoBERTa large.

(c) Embedding-based family of experiments. Experiment configurations and complete scores can be read in tables ??. Selected
baseline is Multilingual E5 Closest cosine Similarity to label Classification.

Figure 18. These heatmaps show ∆F1 Scores against selected domain baselines for all three families.
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Figure 19. This plot presents the TF-IDF keyword selection and their coverage of true positive instances in the medical domain, broken down
by country and class. It is a small-multiples plot where each cell displays the keywords selected for a specific partition of the domain: rows
correspond to countries and columns to classes. To keep the figure legible, countries are split into two halves and displayed side by side. Within
each cell, keywords are listed on the y-axis and the number of instances on the x-axis. The black line shows how many true positive instances
are covered by each keyword, while the red line shows the number of false positives it induces. Crucially, the x-axis is scaled to the total number
of true instances for that country–class pair, so lines can be read as implicit proportions, ie. coverage of the true positives for black, while false
positives over true instances for red. Note that keyword coverages are not a disjoint sets, their sum going over the number of true instances; eg.
an organization can be covered by multiple keywords. A red line extending beyond is indicated with an arrow and its number, indicating more
false positives than there are true instances. This happens in partitions with few true instances and limited training data. The algorithm should
avoid this cases if not for keyword selection being performed on a training set, while the plot reflects test set behavior. To read the plot, pick a
country row and scan the keywords on the y-axis. For each one, the black line tells you how many true instances it covers. The red line tells you
how much noise it brings in.
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Figure 20. This plot presents the TF-IDF keyword selection and their coverage of true positive instances in the administrative domain, broken
down by country and class. It is a small-multiples plot where each cell displays the keywords selected for a specific partition of the domain: rows
correspond to countries and columns to classes. To keep the figure legible, countries are split into two halves and displayed side by side. Within
each cell, keywords are listed on the y-axis and the number of instances on the x-axis. The black line shows how many true positive instances
are covered by each keyword, while the red line shows the number of false positives it induces. Crucially, the x-axis is scaled to the total number
of true instances for that country–class pair, so lines can be read as implicit proportions, ie. coverage of the true positives for black, while false
positives over true instances for red. Note that keyword coverages are not a disjoint sets, their sum going over the number of true instances; eg.
an organization can be covered by multiple keywords. A red line extending beyond is indicated with an arrow and its number, indicating more
false positives than there are true instances. This happens in partitions with few true instances and limited training data. The algorithm should
avoid this cases if not for keyword selection being performed on a training set, while the plot reflects test set behavior. To read the plot, pick a
country row and scan the keywords on the y-axis. For each one, the black line tells you how many true instances it covers. The red line tells you
how much noise it brings in.
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Figure 21. This plot presents the TF-IDF keyword selection and their coverage of true positive instances in the education domain, broken down
by country and class. It is a small-multiples plot where each cell displays the keywords selected for a specific partition of the domain: rows
correspond to countries and columns to classes. To keep the figure legible, countries are split into two halves and displayed side by side. Within
each cell, keywords are listed on the y-axis and the number of instances on the x-axis. The black line shows how many true positive instances
are covered by each keyword, while the red line shows the number of false positives it induces. Crucially, the x-axis is scaled to the total number
of true instances for that country–class pair, so lines can be read as implicit proportions, ie. coverage of the true positives for black, while false
positives over true instances for red. Note that keyword coverages are not a disjoint sets, their sum going over the number of true instances; eg.
an organization can be covered by multiple keywords. A red line extending beyond is indicated with an arrow and its number, indicating more
false positives than there are true instances. This happens in partitions with few true instances and limited training data. The algorithm should
avoid this cases if not for keyword selection being performed on a training set, while the plot reflects test set behavior. To read the plot, pick a
country row and scan the keywords on the y-axis. For each one, the black line tells you how many true instances it covers. The red line tells you
how much noise it brings in.
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