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\begin {equation*}\vec {v}_{\textit {it\_security\_manager}} - \vec {v}_{\textit {security}} + \vec {v}_{\textit {data}} = \vec {v}_{\textit {data\_quality\_manager}}\end {equation*}
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a b s t r a c t

Over the last decade, word embeddings have enabled machines to represent words and sentences 

as vectors, enabling researchers to reason on text for tasks like semantic similarity, contextual 

understanding, machine translation, etc. However, the synthesis of embeddings involves domain-

specific parameters that affect semantic accuracy and contextual relevance, often leading to 

unpredictable biases and inconsistent comparisons. This issue is particularly relevant in labor 

market analysis, where different embeddings yield varying results, making the selection of the 

most appropriate model a key element.

This paper addresses these challenges by (i) proposing a methodology to train, select, and align 

vector space models for a target taxonomy, ensuring comparability across dimensions and lan­

guages; (ii) applying this approach to 4.5 million job ads in 28 languages, aligning country-specific 

embeddings using the ESCO taxonomy; (iii) generating over 3000 models over 142 machine days, 

making the best-performing ones publicly available via VEUCTOR; and (iv) showing how model 

choice significantly impacts labor market analysis, revealing substantial variations in occupational 

skill bundles across embeddings.

1 . Introduction and motivation

As labor markets rapidly evolve, harnessing the power of data to decode workforce skills has never been more crucial. The European 

Skills Agenda1 highlights the strategic importance of skills in driving economic competitiveness, yet measuring and identifying them 

remains a daunting task. In 2025, the European Union published the “Union of Skills”,2 to clarify that investing in people’s skills is key 

for Europe’s economic competitiveness, resilience, and social cohesion, thus suggesting the development of a comprehensive strategy 

addressing skills shortages, gaps, and mismatches, ensuring that individuals and businesses have the necessary skills for success in 

the evolving global economy. Notably, the Commission plans to consolidate all labor-related data - including labor shortages and 

surpluses reports and skills online job ads analysis tools - from agencies such as Eurostat, Cedefop, Eurofound, and the European 

Labor Authority into a unified data lakehouse. This, in turn, would enable real-time intelligence and skills forecasting for the Union 

to support policy and decision-making.

Though these initiatives highlight the importance of skills intelligence in analyzing labor market dynamics, the concept of “skill” 

remains ambiguous and often subject to misinterpretation, as extracting, recognizing, and analyzing them presents two key challenges: 

The first is the development of a valid taxonomy for skill classification. The second is the identification and extraction of skills from 

available sources. O*NET has addressed the first challenge in the US and ESCO in Europe, which now provide a consistent and robust 

taxonomy available to researchers and analysts. The second challenge, however, is far more complex. Much of the valuable, skill-

related information is buried in unstructured text - such as online job advertisements - requiring advanced language models to extract 

meaningful insights. At the core of this process lies a crucial element: word embeddings, which unlock hidden patterns in language 

and transform raw text into actionable intelligence, as they enable machines to reason with text.

Generally speaking, Word embedding can be seen as a technique in natural language processing that represents words as dense 

vectors in a continuous vector space, capturing their semantic relationships and contextual meanings to improve machine under­

standing of language. As stated above, embeddings are crucial for identifying skills within a text. However, the process of creating 

embeddings is often arbitrary, leading to potentially biased outcomes. Different embedding models can produce significantly different 

results, making the selection of the right model essential; in fact, there is no established standard for selecting embeddings. This paper 

tackles this issue by showing that different embedding choices can lead to dramatically different results and by proposing a novel 

framework for identifying the best embedding model for skill extraction. More specifically, we provide three main contributions to 

the literature.

Contribution.  First, we define and implement a methodology to train and select vector space models that best fit a specific target 

taxonomy across multiple dimensions. We then align them to enable direct comparisons between models. The alignment process is 

particularly important in multi-language contexts such as the EU, where language-specific issues may affect embeddings. Although 

the methodology is domain-independent, it is applied here within the field of labor and skill intelligence. It has been trained over 

4.5 million job advertisements in 28 languages to build vector space models, using ESCO3 as the target taxonomy and aligns country-

specific embeddings to allow for cross-country comparisons.

Second, we synthesize over 3000 embedding models for all 27 EU countries, plus the UK, identifying the best- and worst-performing 

embeddings with a total training time of 142 machine days. These models are aligned to the EU benchmark (i.e., the UK) and are made 

available to the community as an off-the-shelf Python tool, namely VEUCTOR, allowing easy adoption and improving the reproducibility 

and comparability of different labor market analyses for the scientific community.

1 https://ec.europa.eu/social/main.jsp?catId=1223&langId=en.
2 COM(2025) 90 final. https://ec.europa.eu/commission/presscorner/detail/en/ip_25_657.
3 The ESCO taxonomy provides a structured representation of Skills, Competencies, Qualifications, and Occupations relevant to the European labor market. The 

European Commission has devised it to be a dictionary for the labor market in 27+1 countries and 32 languages. https://esco.ec.europa.eu/.
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Third, we demonstrate the relevance of this work for real-world labor market analysis. We construct the occupational skill bundles 

derived from different embedding models, and we show that there is a large difference in the skill bundles, highlighting how the 

choice of embedding model can significantly impact the conclusions drawn from skill analysis. This finding is even more significant 

following the number of highly relevant publications that use OJAs to conduct skill analysis.

More generally, although our work is applied to the EU labor market, our results can be generalized and extended to several 

other domains. The availability of a large amount of unstructured information contained in texts has led to a proliferation of tools, 

analyses, and research that process and analyze such data. For example, in Economics, there is a vast literature that has analyzed 

Central banks’ communications and their effects on markets and expectations (see, for example, [6,24]). What we show in this paper 

is that the method of information extraction is not neutral, and the results can be highly dependent on it. This problem cannot be 

solved simply by more transparency, but must be accompanied by an optimization analysis such as the one we propose.

Roadmap.  The methodology presented in this paper follows a structured sequence of steps, which we summarize as follows:

Establishing a Benchmark: To evaluate the optimality of different word embeddings, a reference framework is needed for comparison. 

Since our embeddings are developed from a sample of Online Job Advertisements, we use the ESCO taxonomy as the natural 

benchmark.

Assessing Proximity to the benchmark: Once the benchmark is defined, a suitable methodology is required to measure the alignment 

of different embeddings with ESCO. We employ the Hierarchical Semantic Similarity (HSS) method for this analysis.

Addressing Multilingual Variability: Given the multilingual nature of our dataset, language differences can introduce distortions in 

embedding comparisons. To mitigate this, we implement an embedding alignment technique that ensures cross-language 

consistency.

Quantifying Differences: After evaluating the optimality of different embeddings, we measure the extent of variation between them. 

Specifically, we compare the best and worst embeddings by constructing a similarity metric for skill bundles. Our results indicate 

significant differences between data generated by the most and least optimal embeddings.

Providing data: Given the large differences in outcomes following different embeddings, we make available to the research commu­

nity a data tool, VEUCTOR, which contains the codes and data for the best- and worst-generated embeddings, along with their 

optimality scores.

The next section provides a more detailed description of the above-mentioned steps.

2 . Preliminaries

2.1 . Online job advertisements for labor and skill intelligence

In recent years, the role of specialized web portals and services in intermediation has grown exponentially. This surge has given 

rise to the concept of Labor Market Intelligence (LMI), which involves leveraging AI algorithms and frameworks to analyze labor 

market data and support data-driven decision-making (see, e.g., [21,38,44]). In this context, the ability to monitor, analyze, and 

understand labor market changes both (i) in a timely manner and (ii) at a highly granular geographical level has become increasingly 

significant. Recent studies have further pushed this boundary by using LLMs to assess how emerging technologies affect the labor 

market, such as evaluating the exposure of occupations and skills to AI [13].

Online Job Advertisements (OJAs) possess these features and have become increasingly important for academic research and the 

development of innovative statistics in recent years. Academic research has exploited the granularity of OJAs to analyze labor market 

concentration [2,3,11,25], but most importantly has leveraged the information contained in the text of the advertisement to analyze 

firms’ skill requirements [9,12,22,23,33]. As stated in the introduction, information extraction from textual data relies crucially on 

Word embeddings; moreover, most research is conducted in the US due to the lack of available methodological approaches that can 

deliver robust results in a multilingual setting. Our paper addresses both issues by providing a robust methodology to identify the 

best Word embedding in a multi-language context.

This is relevant not only for research purposes but also for the production of statistical data supporting skill-related policies. In the 

European context, in 2016, the European Commission issued the communication “A New Skills Agenda for Europe”4 highlighting a 

number of actions and initiatives aimed at equipping the European labor force with the skills of the future. In support of this initiative, 

the EU agency Cedefop subsequently teamed up with Eurostat to develop a system capable of collecting and classifying online job 

vacancies for the entire EU, covering all 28 Member States and the Union’s 32 languages.5

The result of this effort is the Web Intelligence Hub (WIH), which has collected OJAs from more than 1000 sources in Europe since 

2019. Several results from this effort have been published in studies such as [8,12]. This study leverages this initiative by utilizing 

the knowledge base compiled by the WIH to train and optimize word embeddings.

4 COM(2016) 381/2, available at https://migrant-integration.ec.europa.eu/sites/default/files/2020-07/SkillsAgenda.pdf.
5 https://www.cedefop.europa.eu/it/about-cedefop/public-procurement/real-time-labour-market-information-skill-requirements-setting-eu.
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2.2 . Word embeddings

The task of learning meaningful representations for words and documents from a text corpus is fundamental in Natural Language 

Processing (NLP). Over the years, various approaches have been developed to transform words into numerical vectors, enabling their 

use in Machine Learning (ML) models. These representations encode words in a way that captures their semantics and contextual 

relationships within a text corpus, allowing words to be manipulated mathematically and facilitating operations such as similarity 

measurement, clustering, and classification. Early techniques for word representation, known as frequency-based models, relied on 

counting the occurrences of words in documents. While effective in some applications, these models present notable limitations. 

First, they produce high-dimensional and sparse representations, making them computationally expensive and memory-intensive. 

More importantly, they fail to capture semantic relationships between words, as they treat each term as an independent entity, 

ignoring contextual similarities and linguistic structures.

To overcome these limitations, distributional approaches were introduced based on the principle that words appearing in similar 

contexts tend to have related meanings. This led to the development of dense vector representations, known as word embeddings, 

which encode words in continuous, low-dimensional spaces, capturing both semantic and syntactic relationships.

A key step in this area came with the introduction of neural embedding models such as Word2Vec [35]. This method learns 

word representations using a shallow neural network and can be trained through two alternative architectures: Continuous Bag of 

Words (CBOW) and Skip-Gram (SG). CBOW predicts a target word based on its surrounding context, resulting in fast training and 

good performance on large corpora. Skip-Gram instead predicts context words given a target word, enabling it to better capture 

relationships between rare words by generating more training examples from a given corpus. These innovations significantly improved 

the modelling of semantic similarity and paved the way for more advanced word-embedding techniques.

Bojanowski et al. [7] developed fastText, an extension of Word2Vec that incorporates sub-word information. Unlike Word2Vec, 

which represents each word as a single vector, fastText models a word as the sum of its character n-gram vectors. This enriched 

representation offers several advantages. By leveraging sub-word information, fastText can better handle rare words, typos, and 

morphologically rich languages.

Motivating Example of Word Embeddings for Labor Market

A graphical representation of a word embedding model is shown in Fig. 1, trained on millions of online job advertisement titles. The 

map highlights existing concepts from the ESCO taxonomy (represented by empty shapes) and alternative labels (terms that emerge 

from online data and are strongly related to ESCO concepts but are not yet included in ESCO).

The embedding model effectively “encodes” words with similar meanings within the context of the labor market. For example, 

while a data engineer and a data scientist are both categorized as sub-concepts under the 2511: System Analyst ISCO group in ESCO, their 

real-world roles differ significantly - something any computer scientist would recognize. In practice, a data engineer often aligns more 

closely with 2521: Database Designers and Administrators than with its theoretical ISCO group. Conversely, there are instances where 

the taxonomy accurately reflects real labor market demands. A clear example is 3521: Broadcasting and Audio-Visual Technicians, which 

forms a tight cluster on the map, indicating a strong alignment between de-facto and de-jure labor market occupations. Similarly, 3513: 

Computer Network and Systems Technicians also demonstrates this consistency, albeit to a slightly lesser extent. Notably, representing 

words as semantic vectors in vector space enables the use of algebra to perform operations over concepts. This means one can perform 

the following vector operation:

𝑣it_security_manager − 𝑣security + 𝑣data = 𝑣data_quality_manager

This highlights the capability to reason mathematically over words and their semantic relationships using vector algebra. 

Consequently, it underscores the importance of generating high-quality embeddings to ensure the inference process remains ac­

curate and free from unintended biases. Poorly constructed embeddings can distort semantic relationships, leading to misleading 

conclusions and reinforcing existing biases within the data.

On the other side, the UMAP plot in Fig. 1 illustrates the embedding that best aligns with the ESCO taxonomy, as evaluated by 

the HSS metric introduced by Giabelli et al. [20]. To emphasize the effect of using a non-optimized word embedding model - trained 

with default parameters - Fig. 2 presents an alternative embedding generated from the same dataset, without validation against the 

ESCO taxonomy or the application of grid search optimization.

These algorithms learn dense vector representations by analyzing word co-occurrences within large text corpora. Unlike 

frequency-based models, static embeddings place semantically similar words closer in the vector space, allowing for more com­

plex representations. However, a major limitation is that each word is assigned a single fixed vector, meaning polysemous words 

(e.g., “bank” as a financial institution vs. “bank” as a riverbank) cannot have distinct representations based on their meaning in 

different contexts. More recently, contextual word embeddings have emerged as a powerful alternative. These models, exemplified by 

transformer-based architectures such as BERT and GPT, generate word representations dynamically based on the surrounding context 

in a sentence. This enables them to distinguish between different meanings of the same word and more accurately capture linguistic 

nuances. Contextual embeddings have significantly improved performance in many NLP tasks, including text classification, machine 

translation, and question answering.

In this study, we use the FastText algorithm to train more than 100 models with different parameter combinations for each of 27 

+ 1 countries, representing over 4.5M OJAs.
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Fig. 1. UMAP plot of the best word embedding model, according to HSS metric [20]. The plot illustrates the ESCO concepts, and words belonging to each group are 

displayed, distinguishing between narrower occupations (empty shapes) and alternative labels (filled shapes). Trained over 2 million ICT-related jobs in the UK. Taken 

from [20].

Fig. 2. UMAP plot of the worst word embedding model, according to HSS metric [20]. The plot shows the ESCO concepts and words belonging to each group, 

distinguishing between narrower occupations (shallow shape) and alternative labels (filled shape). Trained over 2 million ICT-related jobs in the UK.

Applications of word embeddings in the labor market.  Machine learning techniques and word embeddings have been extensively used 

in the labor market for tasks such as job classification, skill extraction, and synthetic dataset generation. Online job postings offer a 

crucial resource for real-time labor market analysis, facilitating faster and more data-driven decision-making [8]. Research has shown 

that models trained on job vacancies can effectively address various challenges in this field.
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Building on these resources, recent studies have also explored the structural organization of labor market data through graph-based 

systems. For instance, GraphLMI [18] utilizes graph databases to model the relationships between skills, occupations, and locations, 

providing a complementary perspective to purely vector-based representations for Labor Market Intelligence.

One notable application is job classification, where embeddings have been used to map job postings to standardized taxonomies. 

JobBERT by Decorte et al. [16] is a model fine-tuned on BERT with job-related texts to enhance classification performance. Similarly, 

Zhang et al. [47] leverages a multilingual pre-training model to enhance job classification across various languages, incorporating 

domain knowledge from job taxonomies. More recently, CareerBERT [40] has been proposed to map resumes and job descriptions 

into a shared embedding space based on the ESCO taxonomy to improve job recommendations. Despite these advancements, these 

models are often optimized for specific downstream tasks such as job recommendation or resumes matching. In contrast, our work 

addresses a different objective: providing a systematic framework to evaluate and select the most effective vector space models for 

labor market domain. By leveraging an intrinsic evaluation based on the ESCO taxonomy, we establish an objective criterion to 

assess how well different embeddings capture the formal semantic structure of occupations and skills. This approach ensures that the 

selected models are also methodologically aligned with official labor market standards across 28 languages.

Another critical task is skill extraction from job descriptions. Bhola et al. [5] introduces a deep learning approach to identify 

relevant skills associated with job postings, addressing the extreme multi-label nature of this problem. Recent advancements such as 

SkiLLMo [32] and Skillens [15] leverage Transformer models to achieve normalized skill extraction from job descriptions, directly 

mapping textual mentions to the ESCO taxonomy. Beyond classification and extraction, machine learning models have been employed 

to generate synthetic job postings and skill datasets. Clavié and Soulié [10] explores how large-scale language models can be used to 

match skills to job descriptions without requiring extensive labeled data. Additionally, Decorte et al. [17] proposes a training strategy 

for extracting skills from job descriptions, demonstrating how LLMs can enhance the availability of structured labor market data. These 

studies highlight the growing role of word embeddings and machine learning in enhancing labor market analytics, facilitating more 

accurate job classification, skill identification, and data augmentation for research and policy-making.

2.3 . Taxonomic concepts similarity

A taxonomy is a structured classification system that organizes concepts into a hierarchical framework based on their relationships 

and levels of generality [19,20]. According to definition in [28], a taxonomy can be defined as:

Definition 1  (Taxonomy).

A taxonomy is defined as a couple 𝑇 = (𝐶,𝐻𝐶 ), where:

• 𝐶 is the set of concepts 𝑐 ∈ 𝐶 belonging to the domain of interest (i.e., the nodes of the taxonomy).

• 𝐻𝐶  is a directed taxonomic binary relation between concepts, such that 𝐻𝐶 ⊆ {(𝑐𝑖, 𝑐𝑗 ) ∣ (𝑐𝑖, 𝑐𝑗 ) ∈ 𝐶2, 𝑖 ≠ 𝑗}. This relation, denoted 

as 𝐻𝐶 (𝑐1, 𝑐2), indicates that 𝑐1 is a sub-concept of 𝑐2, also known as the IS-A relation.

Taxonomies play a crucial role across domains, where they structure knowledge in ontologies and controlled vocabularies. In 

Natural Language Processing (NLP) and labor market analysis, taxonomies such as ESCO6 (European Skills, Competences, and 

Occupations) provide a structured representation of skills and occupations, facilitating semantic interoperability across languages 

and regions.

In a taxonomic structure, concepts are typically arranged in a parent–child relationship, where broader categories encompass 

more specific subcategories. For example, in ESCO, the occupation 2512 - Software Developer is a sub-concept of the broader concept 

251 - Software and applications developers and analysts, which in turn belongs to the more general concept of 2 - Professionals. These 

hierarchical relationships can be leveraged to compute concept similarity, which is fundamental for tasks such as job matching, skills 

inference, and occupational classification.

Several measures are available to evaluate the similarity between concepts in a taxonomy. These measures can be broadly clas­

sified into two main categories: path-based and Information Content (IC)-based approaches. Path-based measures estimate similarity 

by analyzing the structure of the taxonomy, typically using the shortest path between two concepts or considering the depth of 

their lowest common ancestor, as proposed by Leacock et al. [26]. IC-based measures define similarity based on the probability of 

encountering a concept, assuming that more specific concepts carry higher information content. Approaches of this kind have been 

presented by Seco et al. [42].

2.4 . The hierarchical semantic similarity at a glance

For our studies, we use the Hierarchical Semantic Similarity (HSS) developed by Giabelli et al. [20] as a similarity measure. The 

measure has then been implemented as a tool to perform taxonomy refinement [30]. The HSS is designed to measure the extent to 

which two concepts are related within a given taxonomy.

Intuitively, the metric is based on the concept of information content, which states that the lower the rank of a concept 𝑐 ∈ C
that contains two entities, the higher the information content (𝐼𝐶) the two entities share. According to information theory, the 𝐼𝐶
of a concept 𝑐 can be approximated by its negative log-likelihood: 𝐼𝐶(𝑐) = − log 𝑝(𝑐) where 𝑝(𝑐) is the probability of encountering the 

6 https://esco.ec.europa.eu/en/classification.
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concept 𝑐. Following Resnik [39], one can supplement the taxonomy with a probability measure 𝑝 ∶ C → [0, 1] such that for every 

concept 𝑐 ∈ C, 𝑝(𝑐) is the probability of encountering an instance of the concept 𝑐. It follows that 𝑝 (i) is monotonic and (ii) decreases 

with the rank of the taxonomy, i.e., if 𝑐1 is a sub-concept of 𝑐2, then 𝑝(𝑐1) ≤ 𝑝(𝑐2). This means the probability decreases as we move 

to more specific (deeper) concepts in the taxonomy. To estimate the values of 𝑝, Resnik employs the frequency of concepts within 

a large text corpus. However, we aim to infer similarity values within the semantic hierarchy to extend a taxonomy constructed by 

human experts. In this context, the Hierarchical Semantic Similarity measure is particularly useful, as it leverages the frequencies of 

concepts and entities within the taxonomy to compute 𝑝. Specifically, it estimates 𝑝 as: 𝑝̂(𝑐) = 𝑁𝑐
𝑁  where 𝑁  is the cardinality, i.e., 

the number of entities (words), of the taxonomy and 𝑁𝑐  is the sum of the cardinality of the concept 𝑐 with the cardinality of all its 

hyponyms.

Note that 𝑝̂(𝑐) is monotonic and increases with the size and generality of the concept 𝑐 (i.e., 𝑁𝑐  is larger for more general concepts), 

thus correctly reflecting the defined properties of 𝑝.
Given two words 𝑤1 and 𝑤2, Resnik defines 𝑐1 ∈ 𝑠(𝑤1) and 𝑐2 ∈ 𝑠(𝑤2) as all the concepts containing 𝑤1 and 𝑤2 respectively, 

i.e., the senses of 𝑤1 and 𝑤2. Therefore, there are 𝑆𝑤1
× 𝑆𝑤2

 possible combinations of their word senses, where 𝑆𝑤1
 and 𝑆𝑤2

 are the 

cardinality of 𝑠(𝑤1) and 𝑠(𝑤2) respectively. Given that, Giabelli et al. [20] define L as the set of all the lowest common ancestor (LCA) 

for all the combinations of 𝑐1 ∈ 𝑠(𝑤1), 𝑐2 ∈ 𝑠(𝑤2). The hierarchical semantic similarity between the words 𝑤1 and 𝑤2 can be defined 

as:

Definition 2  (Hierarchical Semantic Similarity (HSS)). The semantic similarity between two words 𝑤1 and 𝑤2 is computed as:

HSS(𝑤1, 𝑤2) =
∑

𝓁∈L
𝑝̂
(

𝓁 = 𝐿 ∣ 𝑤1, 𝑤2
)

× 𝐼𝐶(𝐿) (1)

where 𝑝̂
(

𝓁 = 𝐿 ∣ 𝑤1, 𝑤2
)

 is the probability of 𝓁 being the Least Common Ancestor (LCA) of 𝑤1 and 𝑤2, computed using Bayes’ theorem 

as:

𝑝̂
(

𝓁 = 𝐿 ∣ 𝑤1, 𝑤2
)

=
𝑝̂
(

𝑤1, 𝑤2 ∣ 𝓁 = 𝐿
)

𝑝̂ (𝐿)

𝑝̂
(

𝑤1, 𝑤2
) (2)

Then, we define 𝑁𝓁  as the cardinality of 𝓁 and all its descendants. The numerator can be rewritten as:

𝑝̂
(

𝑤1, 𝑤2 ∣ 𝓁 = 𝐿
)

𝑝̂ (𝐿) =
𝑆<𝑤1 ,𝑤2>∈𝓁

|𝑑𝑒𝑠𝑐𝑒𝑛𝑑(𝓁)|2
×

𝑁𝓁

𝑁
(3)

where the first leg of the rhs is the class conditional probability of the pair < 𝑤1, 𝑤2 > and the second one is the marginal probability 

of class 𝓁. The term |𝑑𝑒𝑠𝑐𝑒𝑛𝑑(𝓁)| represents the number of subconcepts of 𝓁. Since they could have at most one word sense 𝑤𝑖 for 

each concept 𝑐, |𝑑𝑒𝑠𝑐𝑒𝑛𝑑(𝓁)|2 represents the maximum number of combinations of word senses < 𝑤1, 𝑤2 > which have 𝓁 as LCA. 

𝑆<𝑤1 ,𝑤2>∈𝐿 is the number of pairs of senses of words 𝑤1 and 𝑤2 which have 𝐿 as LCA and 
𝑆<𝑤1 ,𝑤2>∈𝓁

|descend(𝓁)|2  is the proportion of this maximum 

that is actually realized by the senses of 𝑤1 and 𝑤2. The denominator can be written as:

𝑝̂
(

𝑤1, 𝑤2
)

=
∑

𝑘∈L

𝑆<𝑤1 ,𝑤2>∈𝑘

|𝑑𝑒𝑠𝑐𝑒𝑛𝑑(𝑘)|2
(4)

Benefits of using HSS.  Unlike traditional measures that rely solely on lexical similarity or corpus-based co-occurrence, HSS explicitly 

considers the taxonomic distance between concepts, taking into account both their hierarchical depth and common ancestors. Given 

two occupations in a taxonomy, their HSS score reflects the degree to which they share commonalities: occupations that are direct 

siblings (i.e., sharing the same parent node) or have a close ancestor will exhibit a higher similarity than those that belong to distant 

branches of the hierarchy. By leveraging HSS, we can assess how well a word embedding model preserves the relationships defined 

in a taxonomy, providing an intrinsic evaluation of its effectiveness in capturing domain-specific knowledge. The following sections 

describe how we utilize this metric to compare different embedding models and identify those that best preserve the ESCO taxonomy 

relationships.

2.5 . Embedding alignment

When word embeddings are trained independently on different corpora, their vector spaces are not directly comparable, even when 

derived from the same language. This misalignment is exacerbated in multilingual contexts, where embeddings are trained on corpora 

from different languages, making direct comparisons challenging, as exemplified in Fig. 3 from Ruder et al. [41]. Without alignment, 

embeddings from different models cannot be meaningfully compared, limiting their applicability in cross-lingual and cross-domain 

tasks. Aligning embedding spaces enables meaningful comparisons by mapping different vector spaces into a shared coordinate system. 

However, this process presents several challenges. First, structural differences arise due to variations in training data, corpus size, and 

linguistic properties, leading to inconsistencies between vector spaces. Second, selecting appropriate anchor points - words or concepts 

that serve as reference points for alignment - is critical, as an unsuitable choice can introduce distortions. Finally, the alignment method 

must balance computational efficiency and accuracy, ensuring that the transformed embeddings preserve semantic relationships while 

adapting effectively to the target space. Understanding the key challenges in cross-lingual language models is essential for evaluating 

how state-of-the-art methods address them. Mikolov et al. [36] observed that word vectors trained on monolingual data exhibit 

comparable topological structures across different languages. This observation laid the foundation for early alignment methods, 

which assumed that embedding spaces could be mapped through a simple linear transformation [36]. However, this assumption has 
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Fig. 3. An image from [41] depicting unaligned monolingual word embeddings (left) and word embeddings projected into a joint cross-lingual embedding space 

(right). Embeddings are visualized with t-SNE.

significant limitations. Linguistic variations in morphology, syntax, and semantics introduce complexities that challenge the validity 

of this hypothesis, making alignment more difficult in practice.

A key challenge in our study arises from our embeddings being trained separately on OJAs’ corpora from different countries. Each 

dataset reflects unique linguistic and contextual nuances, leading to inherently non-comparable vector spaces. Even when the same 

concept appears across multiple countries, differences in terminology, language use, and data distributions cause variations in learned 

embeddings. Consequently, direct comparison of embeddings across countries is infeasible without an alignment mechanism. Various 

methods have been proposed to achieve this alignment; these approaches seek to enhance comparability while preserving the integrity 

of the original vector spaces. A common strategy for cross-lingual alignment involves constructing a seed lexicon - a collection of words 

with equivalent meanings in both corpora - serving as a reference for mapping embeddings. Within this research domain, several 

intuitive approaches have emerged. Artetxe et al. [1] introduced an unsupervised method that exploits the structural similarity 

of embedding spaces. Instead of relying on bilingual data, they use numerals as anchor points, assuming their meanings remain 

stable across languages. However, this approach can be sensitive to contextual variations in numeral usage across different corpora. 

Another notable contribution is the Hierarchical Cross-lingual Embedding Generation (HCEG) method by Azpiazu and Pera [4], which 

eliminates pivot language bias by leveraging linguistic hierarchies. Their approach enhances vocabulary induction, particularly for 

low-resource languages, though its computational complexity scales with the number of languages involved. A particularly influential 

method was proposed by Conneau et al. [14], who developed an unsupervised alignment technique that does not require parallel 

data. They learn a linear mapping between embedding spaces by combining adversarial training with Procrustean optimization. 

Their method also introduces a novel validation metric and the CSLS similarity measure, achieving results comparable to supervised 

approaches, even for distant and low-resource language pairs. Among these approaches, SeNSe [31] offers a distinct perspective. It 

defines a source model, representing the space to be aligned, and a target model, onto which the source model is mapped. Instead 

of relying on predefined seed lexicons, SeNSe selects optimal anchors dynamically by identifying words with stable meanings across 

corpora. It first builds a vocabulary of common words by translating terms and matching them across languages. A semantic similarity 

score (SNDCG) is then computed to assess alignment quality, retaining only high-scoring anchor pairs while removing duplicates. To 

ensure a balanced distribution, overly close anchors are filtered out. Finally, these selected anchors are used to learn an orthogonal 

transformation via Orthogonal Procrustes, preserving semantic relationships while mapping one vector space onto another. Alignment 

quality is then evaluated through tasks such as Bilingual Lexicon Induction (BLI).

We adopt SeNSe for two main reasons. First, the method has already been evaluated in multilingual scenarios involving Italian, 

Spanish, Finnish, and German aligned to English where it outperformed alternative state-of-the-art alignment approaches. This demon­

strates its effectiveness in adapting multilingual vector spaces while preserving semantic consistency. Moreover, SeNSe has been 

previously applied in a labor market scenario, where embeddings trained on heterogeneous corpora were aligned and used to analyze 

occupational structures. This makes it well-suited to our cross-country analysis.

3 . Building VEUCTOR on 4 million OJAs and 28 EU countries

Below, we present the workflow of embeddings generation and evaluation (Fig. 4) and alignment generation and evaluation 

(Fig. 5). Specifically, we introduce the framework for evaluating both the embedding models trained for each country and the 

models obtained through the alignment process. The goal is to establish a systematic methodology for assessing and identifying the 

best-performing models using extrinsic evaluation measures. This evaluation framework allows us to determine the most and least 

effective models based on the conducted assessment. The process consists of several key steps, which we describe in detail in the 

following sections.

Step 1 - embeddings pool generation.  This step consists of two main phases: (i) preprocessing, where the raw text data from the 

OJA corpus is thoroughly cleaned, normalized, and prepared to ensure consistency across the dataset. The goal is to enhance the 

quality of the input data and make it suitable for further processing; (ii) training different models for each country, in which semantic 
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Fig. 4. Workflow for the generation and evaluation of word embedding models.

representations of words and phrases are derived from the preprocessed corpus. In this phase, FastText models are trained on the 

country-specific corpora using various combinations of training parameters. These embeddings serve as the semantic representations 

used in subsequent steps of the analysis.

Step 2 - embeddings pool evaluation.  In this step, we evaluate the quality of the embeddings generated in Step 1, focusing on each 

country individually. The evaluation is extrinsic and relies on the ESCO taxonomy as an external resource to assess how effectively 

the embedding models capture occupational relationships. The goal is to identify the optimal and suboptimal training parameter 

combinations by evaluating how well each model captures the semantic structure of the ESCO taxonomy.7 A high-quality embedding 

model should not only preserve the real-world relationships between occupations but also maintain the hierarchical organization 

defined by ESCO. Specifically, their vector representations in the embedding space should exhibit high similarity if two occupations 

are closely related in ESCO - whether as siblings (i.e., sharing the same parent category) or in a direct parent–child relationship. 

Conversely, occupations that are distant within the hierarchy should show lower similarity. To assess the quality of the embeddings, 

we employed two key metrics: cosine similarity and Hierarchical Skill Similarity (HSS), the latter of which quantifies the semantic 

relationship between occupations in the ESCO taxonomy [29]. For every pair of occupations (ISCO 4-digit), we first calculate the 

cosine similarity between their embedding vectors. We then compute the HSS values for the same set of occupation pairs. Spearman’s 

rank correlation coefficient (𝜌) is applied to quantify the relationship between the cosine similarity scores and the HSS values. A 

higher correlation indicates a stronger alignment between the occupational concepts captured by the embedding models and the 

relationships defined within ESCO. Algorithm 1 in the Appendix outlines the execution of Steps 1 and 2: for each country and each 

combination of training parameters, the model is trained and evaluated by computing the Spearman rank correlation coefficient 

between the cosine similarity scores and the HSS values. At the end of the process, the best and worst parameter sets are determined 

for each country.

Step 3 - alignment embeddings pool generation.  In this step, we align the embedding models using the SeNSe technique, as described 

in the previous section. The goal is to obtain comparable vector models across countries to enable inter-country analysis. The main 

challenge is that these models were trained on different corpora and with different hyperparameter settings, making them inherently 

non-comparable. This discrepancy arises because the training process was not consistent across countries. To address this issue, we 

first select a common set of hyperparameters to standardize the models. Specifically, we choose the best-performing hyperparameter 

set based on the evaluation from the previous steps. This ensures that the 28 models (one per country) being aligned all share 

the same hyperparameter configuration, facilitating a more reliable comparison. Using an alignment technique, we transform the 

original vector spaces into a new set of aligned spaces, making them comparable. The SeNSe approach aligns source vector spaces to 

a predefined target space. In our case, we designate the UK model as the target space, meaning that all other country-specific vector 

spaces are aligned with the UK model. The alignment is performed pairwise, where each country’s vector space acts as the source, 

and the UK model serves as the target. By aligning all 27 other countries to a common target, we ensure that any two countries can be 

directly compared within the same aligned space. The alignment algorithm requires tuning several parameters. In the previous step, 

we generated multiple alignment variations for different parameter combinations for each country, allowing us to assess the impact 

of different alignment configurations on model alignment.

Step 4 - alignment embeddings pool evaluation.  In this step, we evaluate the aligned models for each country, which were generated 

in the previous stage. The evaluation criterion used is a cross-lingual semantic fitting score (CLS score): Cross-Lingual highlights 

7 Our use of ESCO does not imply an endorsement of its superiority or optimality. Our approach is rather practical. ESCO is the official EU taxonomy and has 

become the de facto standard taxonomy used in Europe, making it the most logical and operationally viable benchmark for our purposes.
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Fig. 5. Workflow for the generation and evaluation of aligned models.

that the comparison is performed between different languages, Semantic emphasizes that the evaluation focuses on preserving the 

meaning in the aligned vectors and Fitting score indicates that we measure how well the aligned model adapts to the target space. The 

evaluation assesses the aligned model based on its ability to generate similar vectors for the same concept when expressed in both 

the source and target models. For this assessment, we consider occupations that appear in the vocabularies of both the source and 

target models. For each occupation, we compute the cosine similarity between the corresponding vectors in the aligned and target 

models. A higher cosine similarity indicates a stronger alignment between the concept in the source language and its counterpart in 

the target language. For each country, the best-aligned model is identified as the one that maximizes the average cosine similarity 

across all occupations. Similarly, the worst-aligned model is determined to have the lowest average cosine similarity. Algorithm 2 

in the Appendix describes the process for steps 3 and 4. The input consists of the set of parameters used for alignment, the source 

models {M𝑐}𝑐 ∈ C (where each model represents the best-performing model for a specific country 𝑐), and the list of occupations used 

for evaluation. For each country and each parameter combination, a new aligned model (A𝑐,𝜃) is generated. The cosine similarity 

is then computed between the vectors corresponding to the same occupation in the target and aligned models. The average cosine 

similarity across all occupations is calculated for each model, and the best/worst parameter combination for country 𝑐 is selected as 

the one that maximizes/minimizes the similarity score (𝑠𝑐𝑜𝑟𝑒A𝑐,𝜃
) among the different aligned models for 𝑐.

4 . Experimental results

The ESCO taxonomy.  ESCO (European Skills, Competences, Qualifications and Occupations) is the European classification of skills, 

competences, and occupations. It provides a multilingual dictionary of occupations and skill requirements organised along two main 

pillars. The first is the Occupation pillar, which is referenced to the ISCO08 standard. The second is the Skills pillar, which lists 

and describes competencies/skills that are linked to occupations. Therefore, ESCO provides a list of occupations and related skills, 

organised as a network; nonetheless, it gives no information on the importance of skills in the considered occupation.

OJA data.  In the online job market, a job advertisement is a document containing two main text fields: a title and a full description. 

The title briefly summarizes the job position, while the full description field typically includes the position details and the relevant 

skills the employee must possess (see, e.g., [34]). The OJAs used here have been collected as part of the Web Intelligence Hub (WIH), 

which is a component of Eurostat’s Trusted Smart Statistics (TSS) initiative, aiming to leverage web data for statistical purposes 

through the analysis of new data sources using advanced technologies such as artificial intelligence to integrate traditional sources 

used in official statistics. The WIH-OJA use case, developed by Cedefop and Eurostat and added to the WIH in 2021, is devoted to 

collecting and processing online job advertisements from sources in 32 countries (EU, EEA and the UK).

The OJA-WIH representative sample.  Within the WIH initiative, Eurostat developed a representative sample of the entire OJA dataset, 

which is now composed of over 450 million unique OJAs collected since 2019. The sample aims to allow the community to work on 

a smaller dataset while preserving the distributional characteristics of online job ads. Specifically, the WIH-OJA-NLPv1 table seeks 

to leverage the richness of information extracted from online OJA portals. The goal of Natural Language Processing (NLP) data flows 

is to utilize the raw job titles and descriptions collected via web scraping techniques. The NLP samples serve two objectives, system 

development – a reference set of observations is necessary to test the impact of new techniques on the classification results – and 

research distribution – to enable research initiatives on OJA data. The sample is stratified by language, with the exception of very 

small ones and seven of the variables under which the OJAs are classified. The sampling is balanced and covers all possible values 

of the classification variables. The stratification variables include occupation (ISCO-08 III digit level), type of contract (permanent, 
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Table 1

Overview of OJAs statistics per country and year, including linguistic and structural features of the datasets.

temporary, apprenticeship or traineeship, and self-employed), salary, working time, education level, economic activity (NACE divi­

sions), and experience. The v1 samples contain OJAs stratified by all classified variables, and each stratum has a maximum of 50 

observations, resulting in a total number of observations of 4,610,821. Considering the size of the sample and the level of detail 

provided, the database can be fruitfully employed to conduct research beyond the scope of quality. In this study, we use the NLP 

sample v1, release r20221217.

4.1 . Data pre-processing

In this step, raw text data undergoes several transformations to ensure consistency and remove noise that may affect subsequent 

analysis. We form the target texts by concatenating the job title with its description, as the title often contains relevant information 

such as the occupation or the required skills. First, unnecessary elements such as HTML tags, special characters, and URLs are removed, 

followed by the stripping of numerical values, certain symbols, and punctuation to retain only alphabetic content. The text is then 

normalized by converting all characters to lowercase, preventing inconsistencies due to case sensitivity. Additionally, sequences of 

characters representing meaningful multi-word expressions (n-grams) are identified8 and replaced to preserve important phrases as 

single units. The preprocessing was further tailored to the corpus of each country, with linguistic operations adapted to the official 

languages of each (e.g., French, Dutch, and German for Belgium). Language-specific stopwords were excluded to refine the content, 

retaining only the most relevant terms. These steps collectively produce a clean and uniform dataset, improving its quality while 

enabling subsequent fastText models to better capture the corpus’s concepts, identify linguistic relationships, and enhance advanced 

applications such as content analysis and creating rich semantic representations.

In addition to the preprocessing steps described above, Table 1 provides an overview of the OJAs datasets, detailing key statistics 

per country and year. The dataset covers 28 countries and includes information on the number of OJAs for 2020 and 2021, their 

total count, and the official languages used in each country. The table also highlights additional structural characteristics, including 

the number of distinct occupations, vocabulary size, and the average lengths of titles, descriptions, and tokens. These features under­

line the dataset’s heterogeneity and underscore the need for tailored preprocessing to extract meaningful patterns and enhance the 

performance of subsequent word embedding models in capturing semantic relationships and domain-specific concepts effectively.

8 https://radimrehurek.com/gensim/models/phrases.html.

Information Sciences 741 (2026) 123274 

11 

https://radimrehurek.com/gensim/models/phrases.html


E. Colombo, S. D’Amico, F. Mercorio et al.

4.2 . Embeddings pool generation

In this section, we describe the process of generating, evaluating, and aligning embeddings for various occupations across different 

countries. The method produces occupational embeddings and evaluates their similarities using statistical metrics. The key steps of 

this process are outlined below.

In this stage, we train FastText models on job advertisement data from 28 countries to generate a diverse pool of embeddings. For 

each country, a separate corpus of job advertisements is processed in order to reflect linguistic and contextual differences. We therefore 

explore how different training choices affect embedding quality by performing a grid search over a set of FastText hyperparameters, 

including:

Embedding size (𝑣𝑠𝑖𝑧𝑒): The dimensionality of the word vectors. Smaller vectors may lead to underfitting, where the embeddings are 

too simplistic to capture fine-grained semantic details, whereas larger vectors tend to capture more complex relationships but 

may require more data and computational resources.

Number of epochs (𝜏): The number of epochs was tested to achieve a balance between training time and embedding quality. Lower 

values allow for faster training but may result in underfitting, where the model fails to capture the full complexity of the 

data. Higher values provide the model with more opportunities to refine the embeddings and capture more nuanced semantic 

relationships, but they also increase the risk of overfitting.

Algorithm (A): This parameter defines the architecture of the neural network used during training. The Skip-Gram (SG) algorithm 

predicts context words from a given target word. It is particularly effective for smaller datasets, as it is better at capturing rare 

words and their semantic relationships. The Continuous Bag of Words (CBOW) algorithm predicts a target word based on its 

surrounding context. CBOW is generally more efficient for larger corpora, as it aggregates context words to make predictions, 

resulting in faster training times and improved performance on larger datasets.

Hierarchical softmax (ℎ𝑠): This parameter determines whether hierarchical softmax is used, which can improve training efficiency 

when dealing with large vocabularies.

Learning rate (𝛼): This parameter controls the speed at which the model updates its weights during training. A lower learning rate 

results in slower, more gradual updates, which can help the model converge more precisely; however, it may require more 

epochs to reach optimal performance. A higher learning rate enables faster updates, which can accelerate training but may lead 

to overshooting the optimal solution or instability in the learning process. The choice of learning rate has a significant impact 

on the balance between training time and the quality of the final embeddings.

For each country, 108 models were trained by varying the parameters across the following ranges: 𝑣𝑠𝑖𝑧𝑒 ∈ {50, 100, 300}× 𝜏 ∈
{10, 50, 100} ×𝐀 ∈ {𝑆𝐺,𝐶𝐵𝑂𝑊 } × ℎ𝑠 ∈ {0, 1} × 𝛼 ∈ {0.01, 0.05, 0.1}. This was an exhaustive grid search without early stopping; each 

of the 108 parameter combinations per country was trained to completion to ensure a comprehensive evaluation.

4.3 . Embeddings pool evaluation

This section describes the evaluation of the model pool trained for each country. The best and worst training parameter combina­

tions were identified for each model and country using the Spearman rank correlation coefficient between the cosine similarity scores 

and HSS values for each occupation pair. Table 2 presents the evaluation results, showing the values corresponding to the training 

parameters used.

What emerges is that no single parameter combination consistently yields the best results across countries, as performance depends 

on both the chosen parameters and the training corpus. For example, for the selected algorithm, Skip-gram (SG) performs best in 

most cases (18 countries), whereas Continuous Bag of Words (CBOW) performs worst (16 countries). However, it is also observed 

that in some cases (12 countries), the algorithm is both the best and the worst, depending on the specific context.

It is also evident that the Spearman correlation values (𝜌) are generally very low, with some of the worst cases even showing 

negative values. This indicates a significant task challenge, highlighting the difficulty of all models in accurately capturing the 

hierarchical relationships between occupations as defined in the ESCO taxonomy. Such low or negative correlation values may also 

reflect a gap between the real-world labor market and the structure of ESCO, suggesting that the embedding models struggle to fully 

reflect the semantic relationships inherent in the ESCO taxonomy.

4.3.1 . Comparison with pretrained LLMs

A key question in the embedding-based analysis is whether a domain-specific model, trained directly on the OJAs corpus, can 

outperform large-scale pre-trained language models (LLMs) in capturing occupational similarities. While LLMs benefit from extensive 

training on diverse and heterogeneous corpora, their ability to accurately preserve structured relationships between occupations 

remains uncertain. To investigate this, we compare the best UK-trained embedding model against four pre-trained models, evaluating 

their performance using the same methodology adopted for pool evaluation.

To ensure a consistent and equitable comparison, we utilize these Transformer-based LLMs as embedding models in an encoder-

only configuration. This approach aligns with our FastText-based methodology, as both architectures are tasked with encoding skill 

and occupation concepts into a fixed-length vector space for semantic analysis.

To select appropriate pre-trained models for comparison, we relied on the benchmark constructed by Muennighoff et al. [37], 

which provides a comprehensive evaluation of text embedding models. Their framework, the Massive Text Embedding Benchmark 
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Table 2

Best and worst FastText parameter combinations for each country, along with the corresponding Spearman correlation index (𝜌) and its p-value (𝑝𝜌). Training 

times of model pools for different countries are also given.

(MTEB), assesses models across various embedding tasks, offering insights into their relative strengths and weaknesses. MTEB evalu­

ates models based on factors such as computational efficiency, embedding dimensionality, and performance on multiple NLP tasks. For 

our selection, we focused on the Semantic Textual Similarity (STS) task, as it closely aligns with our own evaluation methodology for 

assessing occupational similarity. The continuously updated leaderboard, ranking the best-performing models, is publicly available on 

Hugging Face platform.9 According to the leaderboard, we selected 4 open-source pre-trained models: BAAI/bge-large-en-v1.510 [46] 

with 335M params, thenlper/gte-large11 [27] with 335M params, Lajavaness/bilingual-embedding-base12 [43] with 278M params and 

intfloat/multilingual-e5-large-instruct13 [45] with 7.11B params. These models represent the state-of-the-art in Transformer-based ar­

chitectures optimized for embedding tasks, primarily leveraging BERT-like (e.g., mBERT or XLM-R) encoder structures to generate 

high-quality contextual representations.

To ensure a comprehensive and fair comparison, we evaluated each pre-trained model in three distinct settings: 

1. Zero-Shot: Using the models out-of-the-box without any further training. This tests their inherent, general-purpose knowledge 

of occupational semantics.

2. Fine-Tuned on ESCO: We fine-tuned the models on the text descriptions of skills and occupations within the ESCO taxonomy. 

This tests their ability to adapt to the structure of our target benchmark directly, providing them with explicit knowledge of 

the hierarchical relationships we aim to capture.

3. Fine-Tuned on UK OJA Dataset: We fine-tuned the models on the same corpus of UK job advertisements used to train our 

FastText models. This evaluates their performance when granted domain-specific adaptation on identical data, allowing for a 

direct and equitable comparison of modelling architectures by controlling for the training corpus.

The results are summarized in Table 3. The UK-trained model achieved the highest correlation score of 0.269, surpassing all 

four pre-trained models in terms of performance. Additionally, the p-values for all correlations are effectively zero, confirming the 

statistical significance of these results.

This demonstrates that even when LLMs are provided with the same domain-specific data (OJA fine-tuning) or explicit taxonomic 

knowledge (ESCO fine-tuning), our simpler, dedicated embedding approach better captures the hierarchical relationships defined 

in the ESCO taxonomy for this task. The advantage can be attributed to the fact that the FastText model was designed and trained 

9 https://huggingface.co/spaces/mteb/leaderboard.
10 https://huggingface.co/BAAI/bge-large-en-v1.5.
11 https://huggingface.co/thenlper/gte-large.
12 https://huggingface.co/Lajavaness/bilingual-embedding-base.
13 https://huggingface.co/intfloat/multilingual-e5-large-instruct.
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Table 3

Comparison of pre-trained LLMs under different adaptation strategies. For each configuration 

(Zero-Shot, FT on ESCO, FT on OJA), the highest Spearman correlation (𝜌) is underlined. The 

overall best result is highlighted in bold.

LLM open-models 𝜌 𝑝𝜌

Zero-Shot bge-large-en-v1.5 0.183 2.773E-28

gte-large 0.193 2.207E-31

bilingual-embedding-base 0.214 4.332E-38

multilingual-e5-large-instruct 0.246 2.834E-50

Fine-Tuning on ESCO bge-large-en-v1.5 0.178 1.088E-26

gte-large 0.175 5.837E-26

bilingual-embedding-base 0.198 5.255E-33

multilingual-e5-large-instruct 0.217 2.042E-39

Fine-tuning on NLP UK dataset bge-large-en-v1.5 0.239 7.132E-95

gte-large 0.211 1.861E-74

bilingual-embedding-base  0.220 6.411E-81

multilingual-e5-large-instruct 0.227 4.558E-86

best UK-trained model (our) 0.269 1.017E-55

directly to optimize geometric relationships in a vector space, which aligns well with the semantic similarity assessment performed 

by the HSS metric. Despite having orders of magnitude fewer parameters, its focused training objective proves more effective for this 

specific application than the more general-purpose representations of LLMs.

4.4 . Alignment embeddings pool generation

In this step, pools of embedding models aligned to the UK model are generated for each country. To align models using SeNSe, 

they must be trained with the same set of hyperparameters. As previously described, SeNSe aligns vector spaces by applying matrix 

transformations to shift the source space toward the target space, allowing the generation of new vectors for terms in the source space. 

For example, if the vector dimensions differ, this transformation cannot be applied, making prior standardization of hyperparameters 

essential. The best parameter combination across all countries was identified based on the highest average Spearman correlation. 

The optimal configuration consists of the following hyperparameters: 𝑣𝑠𝑖𝑧𝑒 = 300, 𝜏 = 50, 𝐀 = SG, ℎ𝑠 = 0, 𝛼 = 0.01. Therefore, 

only the 28 models trained with this configuration were considered for alignment. The UK model was chosen as the target for the 

alignment process, and all other country-specific models were aligned to it pairwise. This approach ensures that all models are 

mapped to a common space, enabling direct comparison across countries. SeNSe relies on several alignment parameters to optimize 

the transformation process. One of the most critical is the maximum allowed NDCG value for selecting the best anchors. The choice of 

this parameter significantly affects the quality of the alignment: lower thresholds result in fewer selected anchor points, meaning only 

the most confident semantic correspondences are used. While this can lead to a more stable transformation, it may also exclude useful 

but less obvious alignments. Higher thresholds increase the number of selected anchor points, leading to a denser alignment. This 

can help capture a broader range of semantic relationships but might introduce noise if less reliable correspondences are included. 

Given the potential impact of this parameter on alignment quality, it is crucial to test different values systematically. For this study, 

threshold values ranging from 0 to 0.99 were tested in increments of 0.01, yielding 100 aligned models per country. This exhaustive 

approach ensures that we can identify the optimal alignment configuration for each country, balancing alignment accuracy and 

semantic consistency. Selecting the best-performing alignment model is essential, as a poor alignment could distort cross-lingual 

analyses, leading to misleading conclusions.

4.5 . Alignment embeddings pool evaluation

After generating multiple aligned models, as described in the previous section, their quality was assessed using the Cross-Lingual 

Semantic Fitting Score (CLS score). This evaluation follows the procedure outlined in Algorithm 2 in the Appendix. It aims to determine 

how well each aligned model preserves the semantic relationships of occupations relative to the target model. The evaluation process 

consists of the following steps: (i) the occupations present in both the source and target model vocabularies are considered, (ii) 

for each matched occupation, the cosine similarity between its vector representation in the aligned model and in the target model is 

computed and (iii) the unweighted average cosine similarity across all occupations serves as the final CLS score, indicating the overall 

alignment quality. Table 4 presents the evaluation results for each country’s best and worst alignments. The table reports the NDCG 

threshold used to select anchor points during alignment, the CLS score, which measures semantic consistency, and the confidence 

interval for the mean CLS score.

The results show a clear trend: the best alignments tend to have a lower NDCG threshold, meaning that a larger number of anchor 

points were used. This results in a more robust alignment, as more semantic relationships between the source and target spaces are 

preserved. Conversely, the worst alignments correspond to higher NDCG thresholds, which impose a stricter selection on anchor 

points. The few available anchors lead to a weaker alignment. These findings align with the work in [31], confirming that many 

anchor sets generally lead to better alignment performance.
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Table 4

Best and worst NDCG thresholds for each country, along with the corresponding CLS score.

A notable exception is observed for Ireland (IE), where the best alignment was obtained with a significantly higher NDCG threshold 

than in other countries. Consequently, its CLS score is also among the highest. This deviation can be explained by the shared official 

language (English) between Ireland and the UK, the target model. Since both vector spaces are already linguistically and semantically 

close, fewer anchor points are needed to achieve a high-quality alignment, reducing the need for a lower threshold.

These results further highlight the importance of carefully selecting the NDCG threshold for alignment. While a lower threshold 

generally improves alignment, language similarities between the source and target may allow for effective alignments even with 

fewer anchor points.

5 . Assessing skill bundles across Europe using VEUCTOR

In the previous sections, we constructed various embeddings and identified the best- and worst-aligned embeddings after training, 

aligning, and evaluating all models. In this section, we show how alignment quality affects occupational representations and the 

relationships between occupations and skills.

5.1 . Occupation representation

We first define how occupations are represented in the embedding space to analyze differences between the best- and worst-

performing alignment models for a specific occupational task. Rather than relying solely on the occupation term itself, we construct 

a more informative representation by leveraging the associated skill vectors. In essence, different embedding models are likely to 

generate different skill bundles, which are then likely to yield different results for the analysis.

For each occupation, we compute a centroid vector by averaging the embeddings of all the skills related to that occupation. Given 

an occupation 𝑜 with a set of associated skills 𝑆𝑜 = {𝑠1, 𝑠2,… , 𝑠𝑛}, where each skill 𝑠𝑖 has an embedding 𝑣(𝑠𝑖), the centroid of the 
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occupation is defined as:

𝑣𝑜 =
1

|𝑆𝑜|

∑

𝑠∈𝑆𝑜

𝑣(𝑠) (5)

In other words, 𝑣𝑜 defines a vector representation of the skill bundle of occupation 𝑜. The vector representation is very useful, as 

it allows one to compute measures of differences and similarities.

5.2 . Measuring skill similarities

To evaluate the potential bias introduced by model selection, we developed a simple indicator. Specifically, for each detailed 

occupation at the ISCO 4-digit level, we calculated a similarity measure for the associated skill bundle using the Jaccard distance 

between each identified skill and all other skills. To make the construction of the skill similarity indicator explicit, let 𝑜 denote an 

occupation and let 𝑆𝑜 = {𝑠1,… , 𝑠𝑛𝑜} be the set of skills associated with 𝑜. For any pair of occupations (𝑜𝑖, 𝑜𝑗 ), the Jaccard similarity is 

defined as 

𝐽 (𝑜𝑖, 𝑜𝑗 ) =
|𝑆𝑜𝑖 ∩ 𝑆𝑜𝑗 |

|𝑆𝑜𝑖 ∪ 𝑆𝑜𝑗 |
. (6)

Operationally, this formulation reduces to evaluating whether two skills co-occur within the same occupational skill bundle.

Given the high level of occupational specificity, we expect the most effective embeddings to generate, within occupations, more 

internally consistent (i.e., similar) skill bundles compared to the least effective embeddings. Consequently, the magnitude of the 

difference in occupation skill similarity measures between the best and worst embeddings indicates the extent of bias introduced by 

model selection.

As emphasized in the previous paragraphs, developing embeddings in a multilingual setting poses significant challenges, including 

selecting the optimal embeddings and aligning them for comparability. In principle, our results are affected by two elements: the 

optimization of embeddings and the optimization of the alignment procedure. In order to separate the two effects we start by per­

forming an intra-country analysis, i.e., we compare unaligned models, focusing on differences between the best- and worst-performing 

models within each country. In this case, the analysis can be performed within countries, but the results cannot be compared between 

countries. Fig. 6 displays the results. The left panel plots the cumulative distribution of the skill similarity measure by occupation of 

the best (blue line) and worst (red line) embeddings for a selection of countries (IT, DE, UK, PL, ES). In both cases, the best embedding 

delivers a more similar set of skills by occupation. Beyond the eyeball metric offered by the two figures, we performed a formal test 

for the two distributions. The Goldman Kaplan test rejects the equality of the two CDFs at 1%. The region of rejection of the family­

wise error rate is highlighted by the thick black line underlying the graph.14 The right panel displays box plots of the values of skill 

similarity by major occupation groups (1 Digit ESCO.). Similarly, there is a notable difference in the distribution of skill similarity by 

occupation between the two models, with the best embeddings yielding higher overall skill similarities across occupations.15

Therefore, our analysis has shown that the choice of embeddings can lead to significantly different skill bundles, ultimately in­

fluencing the outcomes of the analysis. Up to this point, the embeddings generated for different countries have not been aligned, 

restricting comparisons to within-country skill bundles. Next, we introduce the alignment procedure to enable cross-country com­

parisons of the results. Since both embeddings and alignment introduce degrees of freedom, we systematically explored all possible 

combinations by generating different skill bundles under the best and worst embedding conditions, as well as the best and worst 

alignment parameters.

This analysis yields two key findings. First, the alignment model produces highly robust results across different parameter specifica­

tions. Statistical tests fail to reject, at any significance level, the null hypothesis that the distribution of skill bundles is identical across 

different alignment configurations. This indicates that parameter selection for the alignment model does not introduce meaningful 

bias in the results.

Second, in contrast, the choice of the embedding model proves to be of critical importance. Fig. 7 presents a comparative analysis 

of the distribution of skill bundles across countries, contrasting the best and worst embeddings. The corresponding boxplot illustrates 

these differences within ISCO 1-digit occupational groups. Consistent with the intra-country results, cross-country comparisons further 

confirm that the best embeddings yield more similar skill bundles than the worst embeddings.

Fig. 8 extends the cross-country analysis by comparing distributions across countries. The results demonstrate that the best 

embeddings consistently generate skill bundles that exhibit higher similarity across countries, reinforcing the robustness of this 

finding.

We conclude this section by providing some refinements to our analysis. We begin by considering not only the mean similarity 

across skill bundles but also its variance (Fig. 9 panel a). As expected, the comparison of the two distributions shows that the variance 

of similarity measures is higher for the worst model than for the best ones. In other words, the best models are characterised by more 

compact skill bundles, with both higher mean similarity and lower variance.

14 Instead of testing a single global null hypothesis (that the two CDFs are identical), the Goldman Kaplan methodology tests a continuum of individual null hypotheses 

of CDF equality at each point. This allows us to obtain the ranges of 𝑥 (if it exists) where 𝐹 (𝑥) = 𝐺(𝑥) is rejected at the specified error level. As the test is conducted 

for all points of the CDF, the methodology is exposed to the “multiple testing problem” that generates the “familywise error” where at least one true 𝐻0 is rejected. 

Our approach achieves “strong control” of FWER, at a 5% level, meaning that there are zero false positives 95% of the time.
15 The high variability of results for group 6 (Agricultural, Forestry and Fishery workers) is due to the low number of observations in OJAs for these occupations.
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Fig. 6. Skill bundles comparison intra-country: best and worst embeddings. Non aligned models.

Best models: blue line/ boxplot. Worst model: red line/boxplot. Left panel: comparison of cumulative distributions of mean similarities of skill bundles generated 

with best and worst embeddings. The underlying black line denotes the region of rejection of the null hypothesis of equal distribution. Right panel: box plots of the 

distribution of mean similarity by occupation (1 digit ESCO)

Finally, we have split the skill set into three categories - hard, soft, and digital skills - and performed the analysis separately for 

each group.16 Fig. 9, panels b, c, d show that the results obtained for the overall skill set are confirmed within each category: best 

models deliver more similar and statistically distinct skill bundles compared to the worst models.17

16 The categories are constructed using the ESCO classification.
17 Note that in the digital skill set, there is a concentration at the end of the cumulative distribution. This is expected, as the set of digital skills is limited, and several 

OJAs contain few general digital skills, such as Excel, where there is no difference between embedding models.

Information Sciences 741 (2026) 123274 

17 



E. Colombo, S. D’Amico, F. Mercorio et al.

Fig. 7. Skill bundles comparison inter-country: best and worst embeddings. Aligned models.

Best models: blue line/ boxplot. Worst model: red line/boxplot. Left panel: comparison of cumulative distributions of mean similarities of skill bundles generated 

with best and worst embeddings. The underlying black line denotes the region of rejection of the null hypothesis of equal distribution. Right panel: box plots of the 

distribution of mean similarity by occupation (1 digit ESCO)
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Fig. 8. Distribution of mean skill similarity by country. Inter country comparison. Aligned models.

Overall, our results show that the selection of the embedding model generates a substantial and statistically significant variation in 

the distribution of skill bundles. On the contrary, the fine-tuning of alignment configurations does not have any statistically relevant 

effect.

5.3 . Extrinsic evaluation

In the previous section, we showed that different embedding models lead to sizeable differences in the resulting skill-bundle 

representations. In this section, we go one step further by assessing whether these alternative embeddings also generate meaningful 

differences in downstream applications. In fact, although our embedding selection task is intrinsically task-independent - as it is 
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Fig. 9. Skill bundles comparison inter-country: best and worst embeddings. Aligned models.

Best model: blue line. Worst model: red line. Comparison of cumulative distributions of variance (panel a) and mean similarities (panels b, c, d) of skill bundles 

generated with best and worst embeddings. The underlying black line denotes the region of rejection of the null hypothesis of equal distribution.

designed to fit the entire structure of ESCO rather than being tailored to a specific downstream application - we nevertheless obtain 

strong confirmation of the validity of our approach through extrinsic evaluation.

We consider two different extrinsic tasks: the OJAs classification into the 4-digit ESCO occupations (436 classes) and the prediction 

of standard labor market variables. The goal of these experiments is to verify whether the embeddings identified by our methodology 

as best and worst performing models lead to systematically different outcomes when employed in a real-world task. In other words, 

this exercise serves as an extrinsic validation of the proposed embedding selection framework.

As the classification evaluation necessitates a benchmark, we have selected 4 countries (IT, DE, FI, UK) for which a gold benchmark 

was available. The benchmark was created through a manual annotation process carried out by labor market experts.18 These experts 

were asked to label a sample of job advertisements with the most appropriate occupation according to their domain knowledge and 

national labor market context.19

For each country, we have replicated the methodology described in this paper. We have trained a pool of FastText models using 

the same hyperparameter grid described in Section 4.2, restricting the training corpus to job advertisement titles only. This choice 

is motivated by two sets of considerations. First, the construction of the gold benchmark relies on OJA titles; therefore, to ensure 

a coherent comparison, model training must be conducted on the same set of information. Second, the literature provides evidence 

(see, e.g., [8]) that training embeddings directly on job-related textual content yields more reliable semantic representations for labor 

market applications, while avoiding potential information leakage from structured metadata.

Using the methodology described in Section 3, the best- and worst-performing models were identified for each country. These 

models were then evaluated in an occupational classification task. Classification was carried out by computing the cosine similarity 

between the title embedding and the embeddings associated with occupational labels, assigning the occupation corresponding to the 

highest similarity (top-1 prediction). This deliberately simple classification strategy was adopted to isolate the effect of embedding 

quality rather than introducing additional modelling complexity.

Table 5 reports the classification accuracy obtained using the best and worst performing embeddings for the countries considered. 

The results show a clear and consistent pattern: in all cases, the embedding selected as best by our methodology substantially outper­

forms the corresponding worst model. In some cases, such as Finland, the performance gap is particularly pronounced, highlighting 

the practical impact of embedding selection on downstream tasks.

18 Note that these countries not only cover a large share of the online job advertisements available in the Web Intelligence Hub, but also represent substantial 

linguistic diversity.
19 The details of the methodology are available from Eurostat at https://cros.ec.europa.eu/wih.

Information Sciences 741 (2026) 123274 

19 



E. Colombo, S. D’Amico, F. Mercorio et al.

Table 5

Extrinsic evaluation results. For each country, the table reports the hyperparameters 

of the best and worst embedding models selected, together with their classification 

accuracy and the accuracy difference (best minus worst).

Table 6

RMSE and R2 comparison.

Wage Education Experience Contract

RMSE (↓)

FastText Best 1.4361 0.6951 0.608 0.4338

FastText Worst 1.4692 0.7023 0.6294 0.4531

bge-large-en-v1.5 1.6280 0.7565 0.7275 0.4775

bilingual-embedding-base 1.6285 0.7567 0.7279 0.4777

gte-large 1.6287 0.7566 0.7272 0.4773

multilingual-e5-large-instruct 1.6286 0.7566 0.7276 0.4775

R2 (↑)

FastText Best 0.2162 0.1825 0.1711 0.1651

FastText Worst 0.1797 0.1775 0.1675 0.0889

bge-large-en-v1.5 0.1429 0.1340 0.1319 0.0720

bilingual-embedding-base 0.1424 0.1335 0.1310 0.0716

gte-large 0.1422 0.1338 0.1326 0.0729

multilingual-e5-large-instruct 0.1424 0.1338 0.1317 0.0723

The second downstream task that we considered is the prediction of labor market information contained in OJAs. Specifically, we 

have used the information content of the skill bundles for hard, digital, and soft skills20 to predict wages, education, experience, and 

contract type. More precisely, we exploit the information available in the Web Intelligence Hub on wages, education levels, years of 

experience, and types of working contracts associated with each OJA. Since the representation of the skill bundles that we provide 

in the paper is constructed at the occupation level, we compute the occupation level average of each variable and regress it on the 

coefficient of variation of the skill bundles derived for hard, digital, and soft skills.

The rationale for this exercise is to assess whether the information content embedded in the skill bundles generated by the Best and 

Worst models helps in predicting wages, education levels, experience, and contract types. Table 6 compares the Root Mean Squared 

Error (RMSE), and the R2 obtained from the two models, and shows that embeddings generated by Best models exhibit both higher 

explanatory power and higher predictive accuracy (higher values of R2 and lower values of the RMSE are reported in bold).21 ,22

These findings support the validity and practical relevance of the proposed methodology. The best models tend to outperform 

alternative ones in standard downstream applications, such as occupation classification or the prediction of standard economic vari­

ables. This reinforces the main message of the paper: the choice of word embeddings is not neutral, and systematic, taxonomy-driven 

selection can lead to more reliable and reproducible labor market intelligence.

5.4 . Reproducibility

Code and data availability.  The codes, trained embedding models, and their aligned versions are made publicly available for re­

search purposes. We provide pre-trained FastText embeddings for multiple countries, along with their aligned counterparts. A GitLab 

repository has been created to facilitate reproducibility and further analysis. This repository contains the scripts and supplementary 

data used for evaluating both the original FastText models and their aligned versions.

20 Essentially, the information contained in Fig. 9 of the paper.
21 The table reports the analysis considering occupation fixed effects. We have conducted the analysis both without and with country fixed effects, obtaining analogous 

results.
22 For the sake of completeness, Table 6 compares FastText Models with LLMs used in Table 3. Overall, embeddings generated by LLMs exhibit both lower explanatory 

power and lower predictive accuracy relative to the best-performing FastText models.
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Listing  1. Example of loading the best model in a Python environment for UK.
 

In the Listing 1, an example of loading both a FastText model and an aligned model is provided. The official fasttext23 library is 

used to load the model. For the aligned model, the widely used gensim24 library is employed to load and utilize the model. Examples 

are provided using Python to align with the code used in our experiments; however, the choice of programming language is flexible. 

The FastText models are in .bin format, which can be loaded using various languages (e.g., Python, MATLAB, R, etc.), and the aligned 

models are provided in .txt format, making them even easier to handle.

All code used in this study was written in Python 3.12. The complete implementation is available in a Github repository (https:

//github.com/Crisp-Unimib/veuctor), which provides the scripts and additional data needed to reproduce our experiments.

Within the repository, the data folder contains supplementary resources, including the ESCO taxonomy for occupations and 

skills. Two Python scripts are included: HSS_eval, which implements the evaluation of the generated models using the HSS, and

alignment_eval, which evaluates the aligned models. Additionally, a demo script is provided to illustrate the use of both models 

and the evaluation scripts. The repository also includes a README.md file with detailed instructions on usage and setup.

Hardware specifications and processing time.  The computational experiments conducted in this study required significant processing 

power due to the large-scale training and alignment of embedding models across multiple countries. All computations were performed 

on an AWS cloud infrastructure to ensure efficiency and reproducibility.

The training of both the embedding models and their alignments was conducted using three machines,25 each equipped with 32 

CPUs and 64 GB of memory, along with one high-performance machine featuring 64 CPUs and 128 GB of memory.26 The latter was 

specifically used for training models on larger corpora, such as those from the UK, France, and Germany. Training was parallelized 

both within each machine - distributing processes across available CPUs - and across multiple machines, with different countries 

assigned to different systems to optimize efficiency. All machines are equipped with an AMD EPYC 7R13 processor.

From Table 2, we observe that training times varied significantly across countries due to differences in corpus size and computa­

tional complexity. Countries with larger OJAs corpora, such as the UK, France, and Germany, required substantially more time for 

model convergence. Additionally, the total training time for all models combined exceeded 140 days, highlighting the scale of the 

computational effort involved.

The alignment process was considerably faster than training, as it involved matrix transformations rather than learning word 

representations from scratch. The generation and evaluation of the aligned model pool were completed in approximately 2 days and 

10 hours.

6 . Concluding remarks

This paper shows that the choice of word embeddings has a substantial impact on the information extracted from both structured 

and unstructured text. In particular, embedding models introduce systematic biases that directly shape downstream analyses, making 

their selection a critical methodological decision rather than a neutral preprocessing step.

We have developed a methodology to evaluate and compare different word embeddings, identifying the most effective one for 

a given task. Additionally, we introduced a framework for aligning word embeddings across multiple languages, enhancing their 

applicability in multilingual contexts.

Applying our methodology to a comprehensive dataset of Online Job Advertisements in Europe, we showed that different word 

embeddings yield distinct informational outputs, leading to substantially different skill bundle categorizations. As a key contribution to 

the research community, we provide VEUCTOR, a tool that not only implements our methodology but also offers access to precomputed 

word embeddings. This resource enables researchers to conduct labor market analyses with an optimized information extraction 

approach.

Although our study focuses on the European labor market, our findings have broader implications, extending to any domain that 

relies on embeddings to extract insights from textual data. This is particularly relevant in the social sciences, where the increasing 

availability of large-scale unstructured text has driven a proliferation of analytical tools and research methodologies. We, therefore, 

advocate for the adoption of our approach in various fields, facilitating more accurate and context-aware analyses.

Limitations.  While our work is applied to the EU labor market, we build a general methodological approach that can be extended 

to several other domains. In order to do so, some caveats need to be stressed.

23 https://fasttext.cc/docs/en/python-module.html.
24 https://radimrehurek.com/gensim/.
25 AWS 3x c6a.8xlarge.
26 AWS c6a.16xlarge.
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First, the effectiveness and clarity of the proposed model selection framework depend on the availability of a clear, robust, and 

semantically grounded benchmark. In our case, within the context of skill intelligence, we can rely on the ESCO taxonomy, which 

provides a natural and well-established reference for evaluating embedding quality. However, in other application domains, such an 

explicit and widely accepted benchmark may be unavailable or only partially defined, potentially limiting the direct applicability of 

the proposed evaluation strategy.

Second, our approach highlights an inherent tension between intrinsic and extrinsic evaluation. From a methodological perspec­

tive, intrinsic evaluation against a reliable benchmark offers a controlled and principled means of comparing embedding models and 

identifying optimal configurations. Nonetheless, embedding quality, as measured intrinsically, does not automatically translate into 

superior performance across every downstream task. While our experiments show consistent advantages in several extrinsic appli­

cations, the relationship between intrinsic optimality and task-specific performance remains context-dependent and may vary across 

domains.

Third, our analysis relies on a temporally fixed snapshot of Online Job Advertisement data, and therefore reflects labor market 

structures at a specific point in time. As a consequence, the results should not be interpreted as capturing temporal dynamics or 

structural changes in skill demand. This limitation is primarily driven by data availability constraints, as access to updated OJA-WIH 

data is governed by Eurostat data release and access policies. Importantly, this is not a limitation of the proposed methodology itself: 

once new data become available, the embedding models can be retrained and re-aligned using the same pipeline. The framework is 

thus inherently updatable and suitable for periodic extensions as new data releases occur.
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Appendix A 

Algorithm 1 focuses on generating and evaluating word embedding models for various countries based on online job adver­

tisements (OJAs). The primary objective is to create embedding models that accurately reflect occupational semantics within each 

country’s labor market. This process is divided into two major steps: the training of embeddings and their subsequent evaluation.

The first step involves the preprocessing of OJA corpora specific to each country to ensure consistency and the removal of noise. 

This includes standard text cleaning procedures such as normalization, stop-word removal, and tokenization. Once the data is prepro­

cessed, multiple FastText models are trained using varying hyperparameters, including embedding size, number of epochs, learning 

rate, the choice between Skip-Gram and CBOW algorithms, and the use of hierarchical softmax. This extensive grid search over 

hyperparameters ensures that the models can capture the nuances specific to each country’s labor market data.

The second step focuses on evaluating the trained embeddings. This is achieved by comparing the semantic relationships captured 

by the embeddings against the ESCO taxonomy, a structured representation of European occupations and skills. Two key metrics are 

used in this evaluation: cosine similarity, which measures the closeness of vector representations, and the Hierarchical Skill Similarity 

(HSS), which assesses taxonomic proximity. By computing the Spearman rank correlation between these two measures, the algorithm 

identifies how well the embedding model preserves the occupational relationships defined in the ESCO taxonomy.

An essential feature of this evaluation process is its ability to distinguish between the best and worst-performing models for each 

country. The best model is the one that achieves the highest Spearman correlation, indicating a strong alignment between the learned 

embeddings and the taxonomic structure. Conversely, the worst model has the lowest correlation, often revealing gaps between the 

real labor market dynamics and the theoretical taxonomy. This step not only highlights the variability in model performance across 

countries but also underscores the challenges in creating universally high-quality embeddings.

Algorithm 2 builds upon the embeddings generated in Algorithm 1 by addressing the challenge of cross-country comparability. 

While Algorithm 1 ensures that embeddings accurately reflect national labor market structures, these models are inherently non-

comparable across countries due to differences in languages, training data, and contextual nuances. Algorithm 2 resolves this by 

aligning country-specific embeddings into a shared vector space, enabling meaningful cross-lingual and cross-country analyses.

The alignment process employs the SeNSe technique, which maps the source embeddings from each country onto a common target 

space - in this case, the UK model - chosen as the reference point. This alignment uses a set of anchor points, typically occupations that 

exist in both the source and target spaces, to perform a geometric transformation that preserves semantic relationships. The transfor­

mation is guided by hyperparameters, including the Normalized Discounted Cumulative Gain (NDCG) threshold, which controls the 

selection of anchor points.

Once the alignment is complete, the quality of the aligned embeddings is evaluated using the Cross-Lingual Semantic Fitting 

Score (CLS score). This score measures the degree to which the aligned vectors match the target model by calculating the cosine 
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Algorithm 1 Embedding pool training and evaluation (Step 1 & step 2).

Require: C ⊳ Set of countries analyzed

Require: Θ ⊳ Set of hyperparameter configurations for embedding models

Require: {D𝑐}𝑐∈C ⊳ Corpus of OJAs for each country

Require: O ⊳ Set of occupations in the ESCO taxonomy

Ensure: 𝜃⊤C ⊳ Set of best parameter combinations for each country

Ensure: 𝜃⊥C ⊳ Set of worst parameter combinations for each country 

1: 𝜃⊤C ← ∅
2: 𝜃⊥C ← ∅
3: for 𝑐 ∈ C do

4:  for 𝜃 ∈ Θ do

5:  M𝑐,𝜃 ← train(D𝑐 , 𝜃) ⊳ Step 1. Train the model on the corpus of country 𝑐
6:  𝐒𝑐𝑜𝑠 ← ∅ ⊳ Step 2. Stores cosine similarity scores

7:  𝐒𝐻𝑆𝑆 ← ∅ ⊳ Stores HSS values scores

8:  for each (𝑜𝑖, 𝑜𝑗 ) ∈ O × O where 𝑖 > 𝑗 do

9:  𝑣𝑜𝑖 ← M𝑐,𝜃(𝑜𝑖) ⊳ Encoder occupations 𝑜𝑖 and 𝑜𝑗
10:  𝑣𝑜𝑗 ← M𝑐,𝜃(𝑜𝑗 )
11:  𝐒𝑐𝑜𝑠 ← 𝐒𝑐𝑜𝑠 ∪ 𝑐𝑜𝑠𝑖𝑛𝑒(𝑣𝑜𝑖 , 𝑣𝑜𝑗 )
12:  𝐒HSS ← 𝐒HSS ∪ 𝐻𝑆𝑆(𝑜𝑖, 𝑜𝑗 )
13:  end for

14:  𝜌𝑐,𝜃 ← spearman(𝐒𝑐𝑜𝑠,𝐒𝐻𝑆𝑆 )
15:  end for

16:  𝜃⊤𝑐 ← argmax
𝜃∈Θ

𝜌𝑐,𝜃 ⊳ Best parameter combination for country 𝑐

17:  𝜃⊥𝑐 ← argmin
𝜃∈Θ

𝜌𝑐,𝜃 ⊳ Worst parameter combination for country 𝑐

18:  𝜃⊤C ← 𝜃⊤C ∪ 𝜃⊤𝑐
19:  𝜃⊥C ← 𝜃⊥C ∪ 𝜃⊥𝑐
20: end for

Algorithm 2 Alignment embedding pool training and evaluation (Step 3 & step 4).

Require: C ⊳ Set of countries analyzed

Require: Θ ⊳ Set of hyperparameter configurations for embedding models

Require: {M𝑐}𝑐∈C ⊳ Source model for each country

Require: M𝑡𝑎𝑟𝑔𝑒𝑡 ⊳ Target model for the alignemnt

Require: O ⊳ Set of occupations in the ESCO taxonomy

Ensure: 𝜃⊤C ⊳ Set of best parameter combinations for each country

Ensure: 𝜃⊥C ⊳ Set of worst parameter combinations for each country 

1: 𝜃⊤C ← ∅
2: 𝜃⊥C ← ∅
3: for 𝑐 ∈ C do

4:  for 𝜃 ∈ Θ do

5:  A𝑐,𝜃 ← SeNSe(M𝑐 ,M𝑡𝑎𝑟𝑔𝑒𝑡, 𝜃) ⊳ Step 3. Align the source model of 𝑐 to the target model

6:  𝐒𝑐𝑜𝑠 ← ∅ ⊳ Step 4. Stores cosine similarity scores

7:  for each 𝑜 ∈ O do

8:  𝑣A𝑐,𝜃
← A𝑐,𝜃(𝑜) ⊳ Encoder occupation 𝑜

9:  𝑣M𝑡𝑎𝑟𝑔𝑒𝑡
← M𝑡𝑎𝑟𝑔𝑒𝑡(𝑜)

10:  𝐒𝑐𝑜𝑠 ← 𝐒𝑐𝑜𝑠 ∪ 𝑐𝑜𝑠𝑖𝑛𝑒(𝑣A𝑐,𝜃
, 𝑣M𝑡𝑎𝑟𝑔𝑒𝑡

)
11:  end for

12:  𝐶𝐿𝑆_𝑠𝑐𝑜𝑟𝑒A𝑐,𝜃
← mean(𝐒𝑐𝑜𝑠)

13:  end for

14:  𝜃⊤𝑐 ← argmax
𝜃∈Θ

𝐶𝐿𝑆_𝑠𝑐𝑜𝑟𝑒A𝑐,𝜃
⊳ Best parameter combination for country 𝑐

15:  𝜃⊥𝑐 ← argmin
𝜃∈Θ

𝐶𝐿𝑆_𝑠𝑐𝑜𝑟𝑒A𝑐,𝜃
⊳ Worst parameter combination for country 𝑐

16:  𝜃⊤C ← 𝜃⊤C ∪ 𝜃⊤𝑐
17:  𝜃⊥C ← 𝜃⊥C ∪ 𝜃⊥𝑐
18: end for
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similarity between corresponding occupation vectors in the source and target spaces. A high CLS score indicates that the alignment 

has successfully preserved the semantic structure across languages and contexts.

Algorithm 2 also identifies the best and worst-aligned models based on the CLS score. Notably, the quality of alignment varies 

depending on linguistic proximity to the target model. For example, countries sharing the same language as the target (e.g., Ireland 

and the UK) naturally achieve better alignment with fewer anchor points. Conversely, more linguistically distant countries require a 

denser set of anchors to achieve comparable alignment quality.

Both algorithms underscore the importance of careful model selection and alignment in labor market analyses. Algorithm 1 high­

lights the importance of high-quality, country-specific embeddings that accurately reflect local occupational semantics. In contrast, 

Algorithm 2 highlights the complexities involved in aligning these embeddings across countries, especially in multilingual contexts, 

and the critical role of alignment quality in enabling robust cross-country comparisons.

Data availability

150GB+ data were published through Zenodo links (reported in PDF) and made visible after paper publications. 
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