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Abstract. Governmental policies for transparency and reuse of public sector in-
formation have encouraged the launch of open government data portals around the
world. Many of these portals are based on pyramidal structures: national open data
portals are aggregators of the contents harvested from open data portals maintained
by governments in charge of administrative areas with a narrower scope. Taking into
account this hierarchical organization, these open data portals lack consistent and
scalable mechanisms for thematic annotation, limiting dataset discoverability. This
work proposes a framework for the automated thematic classification of open gov-
ernment data. The framework integrates (i) thematic annotation quality assessment,
(i1) supervised machine learning models trained on annotated metadata corpora,
and (iii) embedding-based semantic similarity methods for theme assignment in the
absence of reliable annotations. The framework is evaluated using 29,793 datasets
from data.europa.eu, the European open data portal. Experimental results show that
supervised models achieve high classification performance, with Support Vector
Machines reaching an accuracy of 93.65%, while unsupervised embedding-based
approaches achieve substantial semantic agreement with portal-assigned themes
(74.56%) using transformer-based representations. These results demonstrate that
the proposed framework enables scalable, consistent, and interoperable thematic an-
notation, offering both theoretical contributions to automated metadata enrichment
and practical value for integration into large-scale open data portal infrastructures.

Keywords: Data Annotation, Open Government Data, Open Data Portals, Auto-
mated Annotation, Thematic Annotation

1. Introduction

In the era of digital governance, governments worldwide are increasingly adopting open
data initiatives to facilitate the access to open government data (OGD) [25117/33]. OGD,
as a subset of the broader concept of open data (data in open format to be shared, used
and reused for any purpose), covers a wide range of topics - from budget records to envi-
ronmental monitoring among other examples. OGD have the potential to enhance trans-
parency, foster citizen participation, support evidence-based policymaking, and drive in-
novation through the use and reuse of data [34/32|37]]. The increased deployment of open
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data catalogues and portals has enabled the distribution and straightforward retrieval of
substantial quantities of open data in the information-driven society and has leveraged the
growth of the open data movement [53/47/26].

However, the challenge lies in making sense of this enormous resource. OGD portals
are usually organized on the basis of pyramidal structures: national open data portals are
aggregators of the contents harvested from open data portals maintained by governments
in charge of administrative areas with a narrower scope. This means that open data cat-
alogues must usually integrate heterogeneous metadata records describing datasets that
have been harvested from different catalogues with a more local scope. Therefore, often
open data catalogues struggle with findability due to limited and inconsistent metadata
[743].

Taking into account these scenarios, where OGD portals at national or cross-national
level must integrate the metadata contents from different sources, it is essential to provide
users with classification tools in order to easily locate the information of interest [[10]]. In-
formation classification schemes generally fall into two main types: exact and ambiguous
[38]. Exact organizational schemes precisely divide information into clear and mutually
exclusive sections, using methods such as alphabetical, chronological, or geographical
sorting. Ambiguous organizational schemes, on the other hand, delimit information into
categories that resist precise definition, often due to linguistic ambiguities and human sub-
jectivity. This classification encompasses thematic organization schemas along with other
variants such as task-oriented and metaphor-oriented schemas. Thematic organization, in
particular, prioritizes the grouping of related items, promoting associative learning, and
facilitating adaptive information retrieval strategies.

This work is focused on the study of the thematic annotation of datasets included in
OGD catalogues. Rich metadata is one of the core tools to fulfill the FAIR principles [62]]
and improve the findability, accessibility, interoperability, and reuse of digital assets. To
address the findability aspect, one of the almost mandatory recommendations is to include
keywords and themes within metadata. This is typically checked by metadata quality eval-
uation methodologies [30142l61]. Although national or even cross-national catalogues
like data.europa.eu, the official European Data Portal, combines metadata compliant with
different metadata vocabularies, most of them are derived from DCAT [28/[11]. DCAT
is the W3C’s Data Catalog vocabulary for describing open data [60]. The advantage of
using DCAT derived vocabularies is that the thematic annotation of datasets is encour-
aged thanks to the inclusion of a specific property called dcat:theme. Within the meta-
data, themes provide a higher degree of semantic structure that goes beyond individual
keywords and descriptions. Users may conveniently find important information by classi-
fying the datasets according to their applicable themes, independently of the use of exact
terminology.

Nevertheless, just the use of metadata vocabularies including a property for thematic
annotation is not enough. A missing or wrong thematic annotation hinders the findability.
Therefore, we must ensure that the content of this property is accurate. Recognizing the
potential of thematic annotation, several researchers have investigated several techniques
for annotation, which involves giving significant labels to data. Manual annotation is pre-
cise and thorough but is limited in its capacity to scale up [6.64/47]]. Automatic annotation
exploits machine learning and natural language processing (NLP) to automatically clas-
sify information thematically [19]]. Using automated annotation may have several advan-
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tages. It has the ability to significantly reduce the amount of human work needed, enabling
the rapid processing of large datasets. Moreover, it may promote consistency and estab-
lish criteria in the annotation process, hence improving the findability and availability of
the annotated resources [S1]].

While there has been substantial progress in publishing OGD, many OGD portals still
lack a consistent and scalable mechanism for the thematic annotation of datasets coming
from heterogeneous sources, making it difficult for users to discover relevant datasets
efficiently. Existing approaches often rely on manual categorization and are inconsistent
across portals. This need for an automated mechanism establishes a research niche, which
is covered in this work with the design of a framework that encompasses a structured and
systematic set of concepts, methods, and software components to guide the process of
thematic annotation of OGD. The design of this framework aims to address three main
research questions:

1. What is the current state of thematic annotation in open government datasets, and how
accurately do these annotations align with the content of the datasets? To answer this
question, we have proposed an implementation of the method proposed by Nogueras-
Iso et al. [42]] for evaluating the thematic classification correctness.

2. Assuming that our collection of datasets (corpus) is properly annotated with themes,
to what extent can new datasets be automatically classified? To answer this question,
we have tested different machine learning algorithms and preprocessing strategies on
an annotated metadata corpus.

3. In the case of not having an annotated corpus, or in the case our corpus is not prop-
erly annotated, how can relevant themes be assigned to a dataset from free text meta-
data? To answer this question, we have tested different strategies based on word-
embeddings and sentence-embeddings of metadata to identify the closest theme from
a predefined list of themes based on their definitions.

The rest of this paper is structured as follows. Section [2| provides a literature review
about the thematic annotation of OGD. Then Section [3] presents our proposed frame-
work for the automated thematic annotation of OGD, which includes the evaluation of
the thematic classification correctness in the case of having an existent annotated corpus.
Section [] presents the results after applying the proposed methodology to a corpus of
metadata records from the European Data portal (data.europa.eu), which are discussed in
Section [5] Finally, this paper concludes with a summary of the contributions and some
ideas for future work.

2. Related Research

Metadata is a critical component in numerous facets of data management, encompassing
the integration, transmission, and transformation of data, among others [43]. As high-
lighted by the frameworks for assessing the quality of open data portals [30/42161/49],
missing or incomplete metadata hinders the findability of data. A wrongly assigned theme
that does not accurately represent the content of a dataset reduces its discoverability and
search recall for stakeholders, thereby motivating the need for efficient and accurate the-
matic annotation and negatively affecting the usability and usefulness of open government
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data portals [5]. User-centered studies of open data portals have similarly reported difficul-
ties in dataset discovery and navigation, often linked to metadata quality and categoriza-
tion practices [41]], reinforcing the need for systematic thematic annotation approaches.

Given the importance of providing correct metadata without the burden of accom-
plishing this task manually, different strategies have been suggested and developed over
the years with the aim of achieving a fully or partially automated thematic annotation of
resources. Although each strategy emphasizes a unique set of conceptual areas of knowl-
edge and experience, artificial intelligence techniques like machine learning are acquiring
an increasing role of portal curators [54/44/1]].

As Semantic Web technologies are widely used as a mechanism to publish and reuse
open data [[15] and metadata is the core of the Semantic Web [58]], many research works on
automatic annotation are close related to the use of these technologies. For instance, Pavia
et al. [45] applied ensemble methods to classify Web-scale datasets through their meta-
data using a hybrid Recurrent Neural Network composed of LSTM and Bi-directional
LSTM units and Naive Bayes models at a second phase. In a more specific context and
regarding bibliographic data, Carducci et al. [9] worked on text categorization for auto-
matic metadata annotation in order to annotate records, separating between philosophical
documents and other disciplines. To facilitate this binary classification purpose, they em-
ployed NLP and other ensemble learning techniques, integrating domain knowledge and
information gained through semantic networks (BabelNet) to decide whether a given doc-
ument (e.g., thesis) is within the philosophical domain or not. The annotated data is then
used to train the chosen supervised learning algorithms and automatically classify the
metadata according to the thematic subject of the examined record. Likewise, Verberne
et al. [59] investigated the processing and classification of electoral manifestos. After op-
timizing different parameters including passage segmentation, OCR, or formatting, the
results showed that the classifier matches human experts in accuracy and recall.

There are also recent studies focused on OGD portals highlighting the role of auto-
mated keyword extraction in enhancing thematic organization and improving findabil-
ity in open data portals. For instance, Ahmed et al. [2] proposed BRYT, an automated
keyword extraction tool that merges and select the most prominent keywords obtained
by different techniques based on the statistical distribution of words in the metadata
and Large Language Models (LLM). Similarly, Kliimask and Nikiforova [29] introduced
TAGIFY, a language model-powered tagging interface aimed at improving data discover-
ability through enriched metadata in OGD portals. Freire et al. [18] analyzed the use of
LLMs in diverse data integration and data discovery tasks, synthesizing recent advance-
ments in this rapidly growing domain. Moreover, Zhang et al. [65] introduced AutoDDG,
a framework that is explicitly designed for the automated generation of dataset descrip-
tions for tabular data. AutoDDG utilizes a data-driven methodology to provide a concise
summary of dataset content. It employs LLMs to enrich these summaries with semantic
information and to generate comprehensible descriptions. These approaches underscore
how NLP and semantic tagging can mitigate linguistic ambiguities inherent in ambiguous
organizational schemes, thereby supporting more effective associative learning and adap-
tive retrieval strategies. Huseynov et al. [22] also emphasized the power of NLP to propose
a recommender system for datasets. Using the Word2Vec word-embedding technique to
encode the free text content of different metadata properties in a vector space, their system
provides the users with the possibility of selecting an input dataset and discovering the
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recommended datasets with a closer embedding in the vector space. Somehow connected
to recommender systems, Bogdanovich et al [8] proposed a method based on Formal Con-
cept Analysis to create a lattice of keywords using as input source the tags for describing
datasets under the same thematic category but hosted in different open data portals. This
lattice of keywords (concepts) allows cross-portal search of related datasets.

Several attempts for improved annotation services using semantic approaches have
also been made in specific data domains such as the biomedical domain. Sasse et al. [S2]
conducted a literature review on existing semantic metadata annotation services and iden-
tified their software requirements in accordance with the FAIR principles: availability as
open code; compatibility with common data formats; use of FAIR terminologies; possi-
bility of terminology search; suggestion of annotations; availability of interfaces to ex-
ternal terminologies; and extension of terminologies. Although they concluded that there
are not metadata annotation tools that meet all the requirements, this study highlights
the importance of annotation tools and the availability of functionalities for suggesting
annotations. In a more specific context about the psychiatric and psychological domain,
Hudon et al. [20] analyzed the literature on the potential of machine learning to assist in
the thematic annotation and classification of text in a psycho-therapeutic context. Their
findings demonstrated that, although the existing literature on this specific topic is limited,
some techniques such as Support Vector Machine classifiers achieved sufficient accuracy
in the performed text classifications, and that this type of classifier is consistently used for
classification in the context of medical or clinical text data [21]].

Automatic annotation has also been attempted for environmental science metadata.
Tuarob et al. [56] aimed to alleviate the problem of environmental metadata harvesting
from various and disparate sources with varying levels of metadata quality and curation.
They gathered datasets from 4 different archives, selecting for each of them a subset of
1000 annotated documents, and the textual content and attributes of the documents were
pre-processed (removal of stop-words, stemming etc.) to obtain a ff-idf (term frequency
- inverse document frequency) representation. In order to rank automatically candidate
themes for the dataset, they used different similarity measures based on cosine similarity
and Latent Dirichlet Allocation. Focusing on the processing of images, Ellen et al. [14]]
targeted plankton image classification using context metadata (such as perimeter, symme-
try, temporal and geographic information, etc.) in order to improve the performance of
feature-based classifiers. They demonstrated that the inclusion of context metadata might
be of substantial gain for classification accuracy in deep learning models, mainly Convo-
lutional Neural Networks. Likewise, Peng et al. [46] proposed a unique biological data
classification feature selection method to enhance feature categorization. The technique
uses filter and wrapper approaches: it pre-selects feature subsets to improve search effi-
ciency and utilizes ROC curves to assess feature and subset performance. Furthermore,
on the viticulture domain, Mylonas et al. [39] proposed a platform for data annotation
that includes a thesauri manager for the obtainment of Linked Data Vocabularies. These
vocabularies are used in the platform for both manual and automatic annotation based on
NLP techniques and supervised learning models such as k-nearest neighbors and linear
and random forest regression.

When domain-specific research is being carried out, the specificities and domain-
sensitive requirements need to be taken into account, to prevent or be aware of in-advance
algorithmic biases and limitations. Wu et al. [63]] presented the status for automated meta-
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data annotation in the cultural heritage domain and discussed the potential of machine
learning applications supporting the curating processes of digital artifacts. They provided
a summary of recommendations to improve these aspects of automated metadata anno-
tation by leveraging already existing text and images of high quality, utilizing inference
of meaning for classification from simple object recognition to tackle metaphoric and
symbolic representations in the digital realm, and providing quality indicators on the re-
sults to tackle non-uniform and non-consistent automated indexing. Similarly, Ibafiez et
al. [23]] provided a quantitative analysis of Linked Data in accessible government datasets
throughout Europe. They examined the popularity of RDF as a publication format, the
accuracy of connected datasets, and the prevalence of established terminologies. Further-
more, the negative effect of poor metadata description on the discoverability of digital cul-
tural heritage artifacts was also addressed by Kaldeli et al. [27] who proposed CrowdHer-
itage, an ecosystem supportive of end-to-end improvement of metadata utilizing crowd-
sourcing, machine and human intelligence, semantic, and aggregation techniques.

The framework for thematic annotation proposed in this work integrates the existing
knowledge in the state of the art of this field. First, the initial assessment of thematic
classification correctness adapts the methodology proposed by Nogueras-Iso et al. [42]]
to establish quality controls on dataset themes. Second, the supervised classification tech-
niques applied for new datasets in case of having a previously annotated corpus are similar
to other works in the literature [45021]]. In addition, the needs for preprocessing and fea-
ture representation are similar to other works using free text metadata as input [56]. Third,
the unsupervised classification techniques applied in our framework also share some sim-
ilarities with respect to the works of Ahmed et al. [2]], Kliimask and Nikiforova [29] and
Huseynov et al. [22] as they also exploit the benefits of using word embeddings and lan-
guage models. Our proposal compiles all these alternatives within a unified framework,
which allows the comparison of the suggested thematic annotations for new datasets in
two different scenarios: the existence of a properly annotated corpus; or the unavailability
of a properly annotated corpus.

3. Methodology

This section outlines our proposed methodology of the thematic annotation of OGD. Fig-
ure |1| shows the general workflow envisioned in this framework. In the case of counting
on an annotated corpus, we first need to evaluate the thematic classification correctness
before building a machine learning model for the classification of datasets. In contrast,
if there is not an available annotated corpus or its classification correctness is not ac-
ceptable, we opt for predicting the closest theme measuring the similarity between the
word/sentence embeddings of datasets and themes.

3.1. Evaluation of thematic classification correctness

As we need an annotated corpus for the ulterior development of automatic classifica-
tion models, it is necessary to evaluate first the thematic classification correctness of the
corpus. For this evaluation we propose to follow the method proposed by Nogueras-Iso
et al. [42]]. This method is a customization of the original method proposed by Urefia-
Camara et al. [S7]], which adapts ISO 19157 standard for geographic information quality
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[Available thematic
annotated corpus]

[conformance=true] Apply a supervised
ification method

for new datasets

Compute thematic
classification correctness

formance=fal
[Not available thematic l [conformance=false]

annotated corpus] Apply an unsupervised
ification method
for new datasets

Fig. 1. Workflow for the automated thematic annotation of OGD

for the assessment of geographic metadata compliant with the ISO 19115 metadata stan-
dard. Nogueras-Iso et al. describe how to perform the assessment of open data metadata
compliant with DCAT-based metadata models serialized in RDF. They propose a series
of quality controls on six quality categories: completeness, logical consistency, temporal
quality, thematic accuracy, positional correctness, and quality of free text. In particular,
the thematic accuracy category includes a quality element focused on thematic classifica-
tion correctness, i.e., the correctness of the thematic keywords and categories included in
the metadata with respect to a universe of discourse.

The assessment of the thematic correctness must be made using a sample-based in-
spection and a Limiting Quality index, which determines the sample size (n) according
to the corpus size and the maximum number of errors (Ac) that can be accepted to as-
sure a statically equivalent percentage of errors (Acceptance Quality Limit or AQL) if
the full corpus were evaluated. Therefore, the computation of the thematic classification
correctness requires the compilation of two associated results: a quantitative result and
a conformance result. The quantitative result consists in obtaining a numerical value for
the ISO 19157 D.63 measure, which is defined as the number of incorrectly classified
records. The conformance result verifies whether the number of errors in the quantitative
result surpasses or not the acceptable number of errors (Ac) for the considered sample
size.

Select sample size
Count Relevant Datasets according lopLQ and Extract a random Experts evaluate the
size of population set of Datasets thematic !
correctness

[Number of errors
above Ac]

Assign an associated conformance result
(DQ_ConformanceResult.pass = true) Assign an associated quantitative result
according to D.63 measure

(DQ_QuantitativeResult.value = count of errors)

Assign an associated conformance result [Number of errors
(DQ_ConformanceResult.pass = false) below Ac]

L
L

Fig. 2. The workflow for reporting the thematic classification correctness.

Figure [2] shows the workflow that must be followed to compute the thematic classi-
fication correctness. In general, the workflow of the assessment starts by considering the
whole corpus of datasets of our case, including all the valid and relevant samples. Then,
a selected sample size proportionate to the initial population is included to undergo the
pre-assessment process, and a random sample set is chosen using a random number gener-
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ator. Afterwards, the process of manual assessment of instances from the selected sample
is initiated. In order to implement this assessment, we decided that the random sample
had to be evaluated by different experts and that this evaluation implied the inspection
of the resources associated with the datasets. Then, the experts should assign to them be-
tween one and three related themes according to the perceived content of the dataset, its
title, its description, and the associated keywords. Then, a consensus should be reached
by the experts to consider correct a theme classification if at least one of the assigned
themes by the experts corresponded to the initial theme assigned to the dataset. The cases
where the initially assigned theme of the dataset does not correspond to the themes as-
signed by the experts should be annotated as errors. Finally, the associated quantitative
and conformance results are assigned.

3.2. Learning to automatically classify based on annotated corpus

Assuming that we count on an annotated corpus of datasets where each dataset has been
properly annotated with themes, this component of our annotation framework is focused
on building models for the automatic thematic annotation of datasets. For this purpose, we
have tested different machine learning algorithms that are typically applied for automatic
classification problems in supervised scenarios. Figure [3] shows the workflow followed
to build a model for the thematic annotation of OGD thematic annotation. The proposed
steps in this workflow are the selection of metadata properties, the normalization of the
input text to extract terms, the transformation of the terms into an appropriate feature
representation, and the generation of the classification models.

Property selection Term extraction Feature. Model training
representation

Annotated
dataset corpus
(DCAT metadata)

Artificial datasets
based on GEMET
and UNESCO
concepts associated
with themes

Fig. 3. Proposed method for automated classification of open datasets based on an anno-
tated corpus.

Property selection In this framework, we assume that metadata is compliant with a
metadata vocabulary derived from DCAT. As shown in Figure [4} this type of vocabu-
laries include free-text properties for describing a dataset in terms of a title (dct:title), a
general description (dct:description) and several keywords (dcat:keyword). In addition,
datasets have also an associated theme thanks to the dcat:theme property, whose range
is a concept from a well-known Knowledge Organization System (KOS) expressed in
SKOS format [36]. Therefore, we decided to use the combination of the text provided in
dct:title, dct:description and dcat:keyword as input text for the classification. With respect
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to the themes or categories to be assigned after the classification process, we assumed in
the experiments that the list of themes belonged to the KOS proposed by the European
data portal [48], but this is interchangeable with any other KOS if a different corpus of
metadata must be classified.

dcat:Catalog

0.* dct:Location

dct:spatial
dcat:Dataset
dcat:dataset dct:title: rdfs:Literal [1..*] det:temporal 0" det:PeriodOfTime
dct:description: rdfs:Literal [1..*]
dcat:theme: skos:Concept [0..*] 0.1 foaf:Agent
dcat:keyword: rdfs:Literal [0..* -oubli
4 o [ ! det:publisher ™ ['toat:name: rdfs:Literal [1..%]
dct:language: dct:LinguisticSystem [0..*]

1 dcat:Distribution

dcat:accessURL: rdfs:Resource [1..]
dcat:distribution

Fig.4. An excerpt of DCAT-AP metadata model highlighting the free-text elements for
describing datasets and its thematic classification (dcat:theme). DCAT-AP [16] is one
of the main application profiles derived from DCAT for the description of public sector
information.

In addition, we also considered the possibility of generating some artificial datasets
for each theme to reinforce the classification models to be built. For this research study,
we selected GEMETP] and UNESCOF] thesauri due to their thematic breadth and multi-
lingual coverage. These thesauri have been widely used for cataloging purposes over the
years to facilitate a harmonized thematic classification of datasets and reduce the gap be-
tween the vocabulary of data users and data publishers [1335]. Using the GEMET and
the UNESCO thesauri, we aligned the European data themes with the main themes in
GEMET and UNESCO (a theme is defined as a micro-thesaurus in UNESCO). Using this
alignment, we extracted the preferred labels of the concepts associated with each theme in
GEMET and UNESCO thesauri. Dividing the list of associated concepts for each theme
in groups of a fixed number of concepts, we converted each group of concepts into an
artificial dataset classified with a European data theme and described with the preferred
labels of these concepts.

Term extraction The next step in the workflow is the tokenization of the input text de-
scribing each dataset and the extraction of terms. For the transformation of tokens into
final terms, we have considered a mandatory basic level of normalization, and two op-
tional processes of normalization called translation and tailored normalization.

The mandatory basic normalization level incorporates the following processes: stop
word removal (i.e., removing common words like ‘a’, ‘an’, ‘the’, etc.), special character

3https://www.eionet.europa.eu/gemet/en/themes/
4https://vocabularies.unesco.org/browser/thesaurus/en/groups
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removal (i.e., removing characters like ’$’, *%’, &’, etc.), link removal (i.e., removing
hyperlinks), lowercasing (i.e., converting all text to lowercase) and stemming (i.e., reduc-
ing words to their root form).

In addition, we observed that although metadata from OGD catalogues can be down-
loaded in RDF format and the language of metadata properties can be restricted to a
common language such as English, the free-text content frequently appears in other lan-
guages. To address this issue, we explored the use of a translation normalization approach
that employs an API to detect the most likely source language in the free text values and
translate them into English, thereby improving consistency.

Last, we also considered a tailored normalization to remove noise in the free text
derived frequently from spelling mistakes and the use of non-common English words such
as acronyms, the names of data provider organizations or other technical terms which only
make sense within the context of the data provider organization. For this purpose, there are
resources like PyEnchantE which provides access to a dictionary of the English dialects
spoken in different regions of the world such as American English, British English, or
Australian English and can be used to discard terms not contained in this dictionary.

Feature representation Feature representation is an essential step in our workflow since
our objective is to convert unprocessed text input into a vector representation acceptable
for our machine learning models. Here, we will explore key features commonly used in
text processing, specifically unigrams, bigrams, and trigrams (also called n-grams) for all
our experiments. Unigrams are typically bag-of-words vector representations where each
word is a distinct dimension. Bigrams are vector representations where each dimension is
a biword found in the input text. Trigrams are vector representations where each dimen-
sion is a distinct trigram. Figure [3]illustrates an example of the unigrams, bigrams, and
trigrams that can be generated from an input text.

Unigrams

[ Thematic ] [annotation] [ Open ] [Government]
Bigrams

[Thematic annotation] [annolation of] [of Open] [ Open Government I [ Government data ]
Trigrams

[Thematic annotation of] [annotation of Open] [of Open Government] [ Open Government data ]

Fig. 5. An example of unigrams, bigrams and trigrams for the sentence “Thematic Anno-
tation of Open Government Data”.

N-grams do not require any typical type of calculation performed using equations or
formulas. Basically, n-gram features are constructed by calculating the word sequences
in the corpus. These number of N-grams affect the unique number of features fed into the
final model training. For example, unigram features would be fewer in number than if we

Slhttps://pypi.org/project/pyenchant/
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combined unigram with bigram features. As the number of n-grams increases, the vector
length (sparsity) increases, which increases the space and time complexity of the model
training. On the other hand, there is not a standard way to decide what value of n for the
n-grams will work optimally.

Model training The critical step of the workflow is the training of models where the
system learns from the labelled cases (datasets annotated with themes). The models rec-
ognize patterns and properties that divide various classes, and this allows to generalize
the problem and classify new, unlabeled datasets.

In particular, we have used the One-vs-Rest (OvR) classifier with three machine learn-
ing techniques: Logistic Regression (LR), Multinomial Naive Bayes (MNB), and Support
Vector Machines (SVM). The OvR classifier is used in machine learning for situations
involving multiple class classifications, because it partitions multi-class problems with
more than two classes into a series of binary classification tasks. Each class has its own
binary classifier that has been trained to distinguish it from the others. However, data class
imbalances may hurt its performance on under-represented groups [335].

Our underlying problem is to classify the open datasets not just into multi-class but
also into multiple multi-class themes. For instance, a dataset in the European data por-
tal could be classified into more than one theme of the 13 proposed themes. The OvR
classifier can help us to train MNB, SVM, and LR for multiple, multi-class classification.

3.3. Predicting the closest theme of a dataset based on word/sentence embeddings

The objective of this component of the thematic framework is to predict the correct theme
when an annotated corpus is unavailable or the datasets in this corpus are not properly
annotated. Figure [6] shows the proposed method for the prediction of the closest theme of
a dataset based on the similarity between the word/sentence embeddings representing a
dataset and its potential associated themes.

Dataset representation

: Droperty se\eclloHTerm extraction }—){ repreesf:{aeﬂon »“*
e e EEEEEEEEE Computation of
cosine similarity
Droperty se\ecnon}—){ Term extraction }—){ rep;e:;:{:non }—'—
Themes in SKOS
format

Theme representation

Dataset (DCAT

metadata)

Fig. 6. Proposed method for the prediction of the closest theme of a dataset based on the
similarity of word/sentence embeddings

We propose the use of word and sentence embeddings for representing datasets and
themes instead of a bag-of-words representation because this allows us to represent simi-
lar input texts as close points in a vector space with a number of dimensions much lower
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than the number of dimensions needed in vector spaces generated when using bag-of-
words representations. Furthermore, the training data and neural networks used to gener-
ate these embeddings allow us to find similarities between two texts even in the case of
not having any lexical matching between the compared texts.

Next subsections explain the process proposed for the property selection, term extrac-
tion, feature representation of both datasets and themes. In addition, we describe how we
have computed the cosine similarity between the dataset and theme embeddings.

Property selection In the case of datasets, the property selection is similar to the one
proposed for an annotated corpus of datasets in section [3.2] We assume that metadata is
compliant with a DCAT vocabulary and we select the content of dct:title, dct:description
and dcat:keyword. In addition, we considered two possibilities for generating the input
text of a dataset: the concatenation of the three properties, and just the concatenation of
title and description. We considered the second possibility because some sentence embed-
dings may not work properly if we create sentences including disconnected keywords.

In the case of themes, we assume that the list of themes is provided in SKOS format
and that each theme is represented with an SKOS concept having an associated preferred
label (skos:prefLabel) and a definition (skos:definition). Therefore, the input text to be
processed for each theme is the concatenation of its preferred label and its definition in
English.

Term extraction The next step in the proposed method is the extraction of tokens from
the input texts for datasets and themes and the generation of terms. In this case we consid-
ered a basic normalization consisting in the removal of special characters and the trans-
formation of text to lower case. It must be taken into account that the word/sentence em-
bedding representation avoids implicitly the appearance of non-common English words.
In addition, in some cases we also considered the removal of stop words.

Feature representation For the representation of datasets and themes, we considered
different possibilities of embeddings:

— Sum of GloVe word embeddings: The terms extracted from the input text of each
dataset and theme are converted into a word embedding according to the Global Vec-
tors for Word Representation (GloVef] using vectors of 200 dimensions. To represent
the complete input text, this alternative computes the sum of the word embeddings.

— Average of GloVe word embeddings: This alternative is similar to the previous one,
but in this case the complete input text is represented with the average of the word
embeddings.

— BERT sentence embeddings: This alternative transforms the input text into a vec-
tor representation of the sentence by applying the pretrained Bidirectional Encoder
Representations from Transformers (BERT) [12]].

— HuggingFace sentence embeddings: This alternative transforms the input text into a
sentence embedding thanks to HuggingFace representation [31140].

6https://nlp.stanford.edu/projects/glove/
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Cosine similarity To find the closest themes that can be associated with a dataset, we
propose the use of the cosine similarity distance, which is typically applied to compute
the ranking of results in information retrieval systems using a vector space model for rep-
resenting documents and queries. Equation [T| shows the customization of this cosine dis-
tance to our context: the similarity between a theme 7" and a dataset D is equivalent to the
cosine of the angle formed by the vectors T and D corresponding to their word/sentence
embeddings. The similarity is therefore a real value between O (least similarity) and 1
(most similarity), which is computed dividing the scalar product of the embedding vec-
tors by the product of their norms.

T-D
TPl
As the similarity is computed for all datasets that require annotation and all the can-
didate themes, the output of this step is a matrix where each row represents a dataset and

the similarity of each theme is provided in the columns. This way we can generate a rank
of associated themes for each dataset, and select, for instance, the top 3 themes.

Similarity(T, D) = Cosine(T, D) = @)

4. Experiments and results

This section describes the applicability of the thematic annotation framework to a corpus
of metadata records downloaded from data.europa.eu, the official portal for European
OGD. The implementation of the thematic framework (Python programs and notebooks),
together with the data and the associated results, are available in Zenodo[]

4.1. Corpus description

The metadata used in our experiments came from data.europa.eu. This portal serves as
a centralized access point to open data published by both European Union institutions
and member states. The metadata describing the datasets is compliant with the DCAT-
AP vocabulary [16] and can be queried through an SPARQL end-point In July 2022
we developed a harvester program to download a corpus of 29,793 metadata records in
RDF format containing title (dct:title), description (dct:description), theme (dcat:theme)
and keyword (dcat:keyword) properties. One of the constraints applied to filter the corpus
was to have metadata records with at least one associated theme from the list of themes
proposed by the European data portal. We also restricted the download to the metadata
records declaring the use of English as language, and having at least one title and one
description in English.

Figure [7| shows the distribution of the datasets in the corpus among the thirteen the-
matic categories of the European Data Portal: ‘Agriculture, fisheries, forestry and food’
(AGRI), ‘Economy and finance’ (ECON); ‘Education, culture and sport’ (EDUC), ‘En-
ergy’ (ENER), ‘Environment’ (ENVI), ‘Government and public sector’ (GOVE), ‘Health’
(HEAL), ‘International issues’ (INTR), ‘Justice, legal system and public safety’ (JUST),
‘Regions and cities’ (REGI), ‘Population and society’ (SOCI), ‘Science and technology’

Thttps://doi.org/10.5281/zenodo.18317554
8 https://data.europa.eu/sparql
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Fig. 7. Distribution of datasets across the 13 themes of the European Data Portal.
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Fig. 8. Distribution of datasets with respect to the 20 most frequent combinations of
themes.

(TECH), and ‘Transport’ (TRAN). In addition to this, as the datasets may be associated
with more than one theme, the pie chart shown in Figure [§]illustrates the distribution of
the datasets according to the 20 most frequent combination of themes.

Furthermore, after a manual inspection of the records we realized that a significant
number of metadata records had metadata properties with text content in a different lan-
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Fig. 9. The language distribution of the datasets.

guage from English. Although metadata records were specifically retrieved declaring the
use of English as the language attribute for string literal values, this was not the case for
many of the records. Using an API to detect the most likely source language, Figure
shows the distribution of languages employed in the corpus. This circumstance motivated
the translation of the input text into English as a normalization process during term ex-
traction for some experiments in Section@ In a similar way, it was noticed that 18,633
words found in the input text of the corpus were not recognized as common English
words, and this motivated a tailored normalization level for some experiments in Section
[3]to remove these noise words.

4.2. Results of thematic classification correctness evaluation

Considering an AQL of 5% of errors in the thematic classification of corpus datasets, the
Limiting Quality (LQ) that must be applied to a corpus that is manually inspected is thrice
the AQL. As the table of ISO 2859-2 standard [24] defining the relationship between the
lot size of the corpus and the selected LQ does not provide a value for 15%, the most
approximate value of 12.5% must be selected.

Figure [10f describes the process followed to identify the size (n) of the sample that
must be evaluated and the maximum number of errors (Ac) that can be accepted in Table
A of ISO 2859-2 taking into account that our corpus consists of 29,793 datasets and we
want an LQ of 12.5%. Following this, a sample of 125 records was randomly selected.
The sample was then evaluated by two experts, who manually visited the dataset resources
and assigned to them between one and three related themes according to the perceived
content of the dataset and the text contained in title, description, and keyword properties.
As indicated in section [3.1] the cases where none of the initially assigned dataset themes
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Fig. 10. Results of thematic classification correctness for a lot size of 29,793 records and
LQ of 12.5%.

matched with one of the themes assigned by the experts were considered as errors. Upon
this criterion, only 7 cases of incorrect classification were counted. As the number of
errors was below the Ac threshold of 10 items, the quality control was passed and the
thematic classification of the corpus was considered correct.

4.3. Results of automated supervised classification

This section presents the experiments performed to build models for the automated the-
matic annotation of datasets using the proposed approach in section [3.2] for supervised
classification. Tables [I] 2] and [3] show the description of the 54 experiments that were
performed considering different variants for input datasets, term extraction, feature repre-
sentation and use of machine learning techniques:

— The Input column indicates the alternatives used for the input records. The default
alternative is the use of the annotated corpus of 29,793 records (denoted as core).
A second alternative, as proposed in section [3.2] was the incorporation of artificial
datasets generated from associated themes in GEMET and UNESCO thesauri. Fol-
lowing this approach, we generated 686 additional records and an extended corpus of
30,479 (denoted as extended).

— The Term extraction column indicates the alternatives for term extraction: the basic,
translation and tailored normalization levels explained in section [3.2]

— The Feature representation column indicates the alternatives for feature representa-
tion: the use of unigrams (uni); the combined use of unigrams and bigrams (uni+bi);
and the combined use of unigrams, bigrams and trigrams (uni+bi+tri). The number
of dimensions in the vector representation of each alternative is shown in the tables
within parentheses.

— The Classification technique column indicates the alternatives for machine learning
classification techniques (LR, MNB, or SVM). As indicated in section@ we used the
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OVR classifier to solve our multi-class classification problem. When making a predic-
tion, all available binary classifiers are applied to the input data until one produces a
confidence score high enough to be considered trustworthy. This method simplifies
complex multi-class problems into binary decisions, and it enhances classification
performance by focusing on differences between classes [53].

Table 1. Experiments and results for automated supervised classification: core input.

# |Input| Term extraction|Feature representation|Classification Accuracy
technique
1| core basic uni LR 0.8881
2 (35,891) MNB 0.7710
3 SVM 0.9365
4 | core basic uni+bi LR 0.84114
5 (290,600) MNB 0.57377
6 SVM 0.8995
7 | core basic uni+bi-+tri LR 0.8073
8 (659,880) MNB 0.5137
9 SVM 0.8503
10| core basic uni LR 0.8854
11 + translation (25,622) MNB 0.7817
12 SVM 0.9355
13| core basic uni+bi LR 0.8417
14 + translation (265,399) MNB 0.5472
15 SVM 0.8920
16| core basic uni+bi+tri LR 0.8082
17 + translation (619,227) MNB 0.4969
18 SVM 0.8394

Tables and (3| also include a column with the accuracy obtained for each experi-
ment. This accuracy is computed according to equation [2]taking into account the number
of true positives (T'P), false positives (F'P), true negatives (I'N), and false negatives
(F'N).

TP+ TN
TP+TN+FP+FN

SVM is the machine learning technique that performed best for all the variants incor-
porated in the experiments related to the input, term extraction, and feature representation.
We also computed the confusion matrices for each theme. For instance, Figure |l 1| shows
the confusion matrices for each individual theme in the best experiment, i.e., experiment
3 in Table[ll

Figure [IT] also includes the precision, recall and F1 evaluation metrics according to
formulas in equation (B):

Accuracy =

@

p o TP Recall — TP 1 2 X Precision X Recall
reasion =g T Ep Y T TP Y N T T Precision + Recall

3

In addition, Figure [T2] shows the curve known as the receiver operating characteristic
(ROC) for experiment 3. The ROC curve is a plot of the True Positive Rate (TPR) against
the False Positive Rate (FPR). Whereas TPR reflects the percentage of cases that were
properly labelled as positive, FPR reflects the proportion of instances that were incorrectly
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Table 2. Experiments and results for automated supervised classification: extended input;
basic and translation normalization.

#| Inmput |Term extraction|Feature representation|Classification Accuracy
technique
19 |extended basic uni LR 0.8751
20 (30,443) MNB 0.7654
21 SVM 0.9226
22 |extended basic uni+bi LR 0.8288
23 (280,834) MNB 0.5656
24 SVM 0.8827
25 |extended basic uni+bi+tri LR 0.7959
26 (645,748) MNB 0.4992
27 SVM 0.8325
28 |extended basic uni LR 0.8721
29 + translation (26,497) MNB 0.7623
30 SVM 0.9217
31 |extended basic uni+bi LR 0.8298
32 + translation (273,849) MNB 0.5346
33 SVM 0.8754
34 |extended basic uni+bi+tri LR 0.7935
35 + translation (638,605) MNB 0.4769
36 SVM 0.8254

Table 3. Experiments and results for automated supervised classification: extended input;
tailored normalization.

#| Input |Term extraction|Feature representation|Classification Accuracy
technique
37 |extended basic uni LR 0.8715
38 + tailored (17,371) MNB 0.7737
39 SVM 0.9152
40|extended basic uni+bi LR 0.8248
41 + tailored (222,559) MNB 0.5242
42 SVM 0.8720
43 |extended basic uni+bi+tri LR 0.7909
44 + tailored (529,092) MNB 0.4647
45 SVM 0.8201
46|extended basic uni LR 0.8677
47 + translation (12,906) MNB 0.7696
48 + tailored SVM 0.9142
49|extended basic uni+bi LR 0.8236
50 + translation (215,844) MNB 0.4971
51 + tailored SVM 0.8632
52 |extended basic uni+bi+tri LR 0.7886
53 + translation (524,646) MNB 0.4433
54 + tailored SVM 0.8090

classified as positive (see formulas in equation [d). It can be observed that the area under
the curve (AUC) of the ROC curve is close to the maximum value for practically all of
the themes, which demonstrates that the configuration of the SVM experiment has a high
probability to assign correctly the theme of a dataset.

TP rpP

TP :7'FP = ——
R TP+ FN’ R FP+TN

“

4.4. Results of theme prediction

This section presents the results of the approach proposed in section to predict au-
tomatically the closest theme according to the similarity between the word/sentence em-
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Fig. 11. Confusion matrices for all the themes in experiment 3 of Table 1| (core input,
basic normalization, unigram features, SVM, overall accuracy of 93.65%)

beddings of the metadata content and the definition of the European Data themes. It is an
unsupervised approach to predict themes. Table [ shows the description of the 7 experi-
ments that were performed to automatically assign themes to the datasets in our corpus
considering different variants for property selection, term extraction, and feature repre-
sentation:

— The Dataset property selection column indicates the alternatives for the selection of
metadata properties describing the datasets as proposed in Section [3.3} the concatena-
tion of three properties (title+description+keywords) or just the concatenation of title
and description (title+description). It must be noted that the property selection for
themes is not detailed because it is maintained in all the experiments: the input text is
the concatenation of the preferred label and definition of each theme in English.

— The Term extraction column indicates the alternatives for term extraction explained
in section basic normalization and the additional process of stop word removal
in some cases.

— The Feature representation column shows the alternatives that have been used for fea-
ture representation as proposed in section [3.3} GloVe sum indicates the use of GloVe
word embeddings and the representation of the full text as the sum of the embeddings
of each word in the text; GloVe average indicates the use of GloVe word embed-
dings the representation of the full text as the sum of the embeddings of each word
in the text; BERT indicates the use of BERT sentence embeddings; and HuggingFace
indicates the use of HuggingFace transformers for sentence embeddings.

In order to have an orientation about the appropriateness of the predicted themes by
the different experiments, we compared the top three themes (ranked by decreasing cosine
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Fig. 12. ROC curve for all the themes in experiment 3 of Table |1| (core input, basic nor-
malization, unigram features, SVM, overall accuracy of 93.65%)

Table 4. Experiments and results for theme prediction

#|Dataset property se-/'Term Extraction |Feature Represen- Agreement score

lection tation
Top 1 Top 2 Top 3

1jtitle + description +|basic GloVe sum 0.4127 0.5394 0.6536
keywords

2|title + description +|basic GloVe average 0.4397 0.5770 0.6865
keywords

3jtitle + description +|basic + stop-word|GloVe average 0.4680 0.6186 0.7253
keywords removal

4|title + description basic BERT 0.2480 0.3360 0.3920

Sititle + description +|basic BERT 0.1908 0.3132 0.4109
keywords

6|title + description basic HuggingFace 0.3920 0.6320 0.7120

7|title + description +|basic HuggingFace 0.5023 0.6734 0.7456
keywords

similarity distance) with the original dataset themes assigned in the annotated corpus.
Table[]includes an agreement score for the top 1, top 2 and top 3 themes. This agreement
score measures the proportion of matches between the top 1/2/3 themes and the assigned
themes in the corpus. For instance, if a dataset was originally annotated with the “society”
theme, and “society” is the third more relevant theme assigned, this is a match for the top
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3 agreement score. Equation [5|shows the formula for computing the agreement score of
a corpus and top n predicted themes: themes(d) stands for the function that returns
the themes assigned to a dataset d in the corpus; predicted_themes(d, n) stands for the
function that returns the top n predicted themes of a dataset d; and |corpus| is the number
of datasets in the corpus.

Agreement_score(corpus,n) =

1, ifthemes(d) N predicted_themes(d,n) # ()

ZdECO'r‘pus {0 (5)

otherwise

|corpus|

It can be observed that the best agreement score is obtained with the HuggingFace
Transformer for sentence embeddings in experiment 7 and comparing the 3 best ranked
themes with the original dataset themes.

5. Discussion

This section discusses the experimental results explicitly in relation to the research ques-
tions (RQs) formulated in the Introduction section and highlights how the proposed frame-
work for thematic annotation of OGD addresses each of them. The feasibility of our the-
matic annotation framework was tested through a series of experiments using a corpus
of metadata records which is a representative sample of the current metadata describing
OGD in Europe. In the first part of the experiments, we evaluated the correctness of the
existing thematic annotations. Although we assessed that the thematic classification cor-
rectness of the annotated corpus had an acceptable quality with less than 5% of errors, it
must be acknowledged that in many cases the original theme of the inspected datasets for
quality control was not the first option in the proposed list of up to three themes assigned
by the experts doing the evaluation. This observation is consistent with prior studies high-
lighting how inconsistencies in metadata structuring and categorization negatively affect
the usability and usefulness of open government data [5]]. This claim motivates the need
for a framework that assists in the thematic annotation relying on the training with a big
corpus of annotated datasets, where the biases are minimized. Overall, the results obtained
for RQI indicate that existing thematic annotations in large OGD portals are generally ac-
ceptable but not free from inconsistencies, thereby justifying the need for systematic and
scalable support mechanisms such as the proposed framework.

The second research question (RQ2) investigates the extent to which new datasets can
be automatically classified when a properly annotated corpus is available. As a second
part of the experiments, we analyzed the feasibility of different machine learning tech-
niques to build models for automatic thematic annotation of datasets. In the experiments
we cleaned the DCAT-based metadata text by applying several text processing techniques,
which also included the translation of false English text and the removal of non-common
English terms. With respect to feature representation, we also tested the combined use
of unigrams, bigrams and trigrams. Supervised classification techniques such as Logistic
Regression and Naive Bayes, as well as Support Vector Machines (SVM), showed ef-
fectiveness in classifying datasets with themes using titles, descriptions and keywords,
being SVM the technique having the highest accuracy of 93.65%. These results provide a
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clear and positive answer to RQ2, demonstrating that supervised machine learning tech-
niques particularly SVM can be effectively integrated into the proposed framework to
support large-scale automatic thematic annotation when high-quality annotated metadata
are available. Moreover, the results are consistent with similar works in related domains
where SVM has also provided a high accuracy for supervised classification [21]].

The third research question (RQ3) addresses the issues about the absence of a properly
annotated corpus and how can relevant themes be assigned to a dataset based solely on
free-text metadata. The final part of our experiments also considered the possibility of not
having an annotated corpus or not counting on a perfect annotated corpus with themes. In
this case we proposed a representation of texts derived from metadata and theme descrip-
tions in terms of word or sentence embeddings. To predict the themes closer to a dataset,
we computed the cosine distance between the embedding representations of the dataset
and the candidate themes. After doing experiments with the same sample of datasets ex-
tracted from data.europa.eu and different techniques for word embeddings (GloVe) and
sentence embeddings (BERT and HuggingFace Transformers), we concluded that Hug-
gingFace Transformers were the best approach. The predicted themes have a high agree-
ment score (74.56%) with respect to the original themes assigned in the European data
portal. Although the obtained agreement score of 0.7456 is lower than the accuracy ob-
tained with the best experiment for classification models (0.9365), these numbers are not
comparable. In the component for thematic prediction of our framework for thematic
annotation, we are assuming that the initial thematic annotation is not perfect (or not exis-
tent) and we try to identify the closest theme according to the similarities of the language
models used to generate the embeddings of dataset metadata and theme descriptions. In
some cases, the definition proposed by the European Union [48] for a theme consists of
a reduced number of words (sentences) and may not encompass all the possible aspects
that the datasets associated with this theme may cover. For instance, the ‘Health’ theme
is defined in just three sentencesE] Larger texts would generate an embedding vector rep-
resentation with a better alignment with all the aspects covered by a dataset theme. The
experts that evaluated the thematic classification correctness assessed that there were not
more than 5% of errors in the classification, but their manual annotation of themes was
not constrained by the short definitions of themes. The results obtained for RQ3 show
that embedding-based approaches constitute a viable alternative within the framework
when annotated corpora are missing or unreliable, thereby increasing the applicability
of the proposed thematic annotation framework. The obtained results are coherent with
the reported experiments of similar works such as the one proposed by Huseynov et al.
[22]] for a dataset recommender, which also employed embedding-based representations
of metadata and cosine similarity to identify the closer datasets.

6. Conclusions

This paper has presented a framework for the thematic annotation of OGD, which has
been tested against a representative sample of 29,793 datasets from data.europa.eu, a
portal that aggregates datasets (and their associated metadata) harvested from both the

9 “This concept identifies datasets covering the domain of health. Health is a state of physical, mental and
social well-being in which disease and infirmity are absent. Dataset examples: COVID-19 Coronavirus data;
European Cancer Information System.”
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member states of the European Union and the European institutions. With respect to the
research questions formulated in this study, the results allow us to draw the following
conclusions. First, in response to RQ1, we showed that while existing thematic anno-
tations in large OGD portals show an overall acceptable level of correctness, they also
present inconsistencies and subjectivity, thus motivating the need for systematic support
mechanisms. Second, addressing RQ2, we demonstrated that supervised machine learning
techniques, especially SVM, can accurately classify new datasets when a well annotated
metadata corpus is available. Finally, in response to RQ3, we confirmed that embedding-
based approaches using free-text metadata and theme descriptions provide an applicable
solution when annotated corpora are missing. Together, these results validate the design of
the proposed framework as a comprehensive and flexible solution for thematic annotation
in heterogeneous OGD environments.

6.1. Theoretical Contributions

From a theoretical perspective, this work advances the understanding of thematic an-
notation in the context of open government data by conceptualizing it as a structured
and multi-component process. The proposed framework integrates evaluation of existing
annotations, supervised classification, and embedding-based thematic prediction into a
unified model, offering a systematic view of how different annotation strategies can be
combined depending on data availability and quality. By explicitly addressing multiple
annotation scenarios, this study contributes to the literature on metadata quality, semantic
enrichment, and data findability in OGD ecosystems.

6.2. Practical Contributions

From a practical standpoint, the proposed framework provides actionable guidance for
practitioners and open data portal operators seeking to improve dataset discoverability
and consistency of thematic categorization. The framework can be integrated into the
dataset ingestion pipelines of widely used open data platforms such as CKAN, DKAN,
or Socrata using metadata models based on DCAT where general properties like title, de-
scription, keywords, and themes are available. The supervised classification algorithms
can be trained to facilitate the automatic annotation of new inserted metadata records.
The only requirement for customizing the framework to metadata in other languages is
to adjust the term extraction libraries for a satisfactory performance of tokenization, stop
removal or other text pre-processing steps in specific languages. In the case of unsuper-
vised classification for theme prediction, we would just need to select pre-trained models
for word/sentence embeddings (e.g., Glove, BERT, . .. ) in specific languages. By reducing
reliance on manual annotation and mitigating subjectivity, the framework has the potential
to improve the usability of open data portals and facilitate more efficient dataset discovery
for diverse user groups.

6.3. Limitations

This study is also subject to several limitations. Although data.europa.eu stands as one of
the largest open data government portals and serves as a hub for the national OGD portals
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of the European countries, it is crucial to recognize that the categorization of datasets may
heavily reflect the biases of the entities responsible for publishing them. The performance
of the framework may be influenced by the selection of the vocabulary for data themes
because the appropriateness of their titles (preferred labels) and definitions is essential
for the assessment of the thematic classification correctness of the annotated corpus (later
used in supervised classification techniques) and the approach proposed for theme predic-
tion, which relies on the generation of an embedding-based representation of each theme
definition. Exploring the relationship and compatibility of thematic classification schemes
employed in OGD portals across other regions [8] could enhance the representativeness
and generalization of automated thematic classification algorithms.

In addition, the quality of metadata presents another significant constraint. The preva-
lence of datasets nominally labelled in English but containing text in other languages
exemplifies the noise inherent in the training data. Consequently, sensitivity to such noise
emerges as a pertinent consideration in the algorithmic approach to the thematic classifi-
cation of datasets.

Last, it must be observed that our framework has not been integrated and tested within
the scope of an open data portal with end users. Our framework is not aimed at being di-
rectly executed by end users interacting with open data portals, but to be integrated during
the ingestion process of datasets in a data portal. In order to simulate the thematic anno-
tation during this ingestion process, this work reports experiments whose results have
been evaluated in terms of relevance measures, which are employed in the information re-
trieval discipline to estimate user satisfaction. However, we acknowledge that techniques
like A/B testing [50] could be used to verify with end users if an open data portal in-
corporating this innovation during the ingestion process is better accepted than the portal
without the innovation. For instance, we could compare the number of clicks on the first
hits returned by both portals with thematic searches.

6.4. Future Research Directions

Building on the findings and limitations of this study, several avenues for future research
emerge. First, we would like to explore if the information related to the application schema
of the different distributions of datasets can help us to improve the automatic thematic
classification of datasets. Available distributions in machine readable formats such as
CSV or RDF can provide in some cases meaningful names of thematic attributes of the
dataset content. Even in the case of RDF (graph data), these attributes are usually selected
from well-known vocabularies, and this may be used to infer links with the themes that
can be assigned automatically. Second, we could also explore alternative approaches to
unsupervised classification for theme prediction based on the use of keyword extraction
techniques [2] and see whether the extracted keywords align with the salient keywords of
theme definitions. Last, the impact of data policies on thematic annotation practices and
the user experience in accessing and utilizing annotated data could be more deeply inves-
tigated to understand how regulations influence the effectiveness of open data ecosystems.
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