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1. Introduction 

The purpose of this report is to propose a structured set of tables for publication, derived from 

prior research conducted within the Web Intelligence Network (WIN) consortium. These tables 

are designed to reflect the insights gained from comprehensive data quality assessments, which 

were executed in alignment with the methodological framework outlined in Work Package 4 

(WP4). Specifically, for the Online Business Ecosystem (OBEC) data, the findings were cross-

validated against the results published in the ICT Usage in Enterprises survey, ensuring 

consistency and reliability in the interpretation of the data. This verification process underscores 

the robustness of the proposed tables and their alignment with established empirical 

benchmarks. 

In the case of Online Job Advertisement (OJA) data, the organization of the tables is informed 

by the application of the highest achievable level of accuracy, as determined through a rigorous 

annotation exercise. This exercise involved systematic data labeling and validation to ensure 

precision in categorization and aggregation. Consequently, the OJA data are aggregated at two 

primary levels: (1) territorial, to facilitate regional analysis, and (2) occupational, based on the 

single-digit ISCO (International Standard Classification of Occupations) code. This 

hierarchical aggregation enables a granular yet standardized representation of occupational 

trends across different geographical regions, while maintaining compliance with internationally 

recognized classification systems. 

The proposed tables are not only a reflection of methodological rigor but also a practical tool 

for stakeholders to analyze and interpret complex datasets. By integrating data quality metrics, 

cross-validation processes, and standardized classification frameworks, these tables aim to 

provide a reliable foundation for evidence-based decision-making and further research. 

Furthermore, the aggregation methodology ensures that the data remain accessible and 

interpretable, while preserving the necessary level of detail to support meaningful insights into 

regional and occupational dynamics. This approach aligns with the overarching goal of the WIN 

consortium to advance the use of web-based data for scientific and policy-oriented purposes, 

ensuring that the outputs are both scientifically robust and practically applicable. 
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2. OBEC tables 

2.1. General information on population and methodology 

The population of OBEC use case consists of enterprises employing 10 or more employees. 

The exact definition of the OBEC population was defined during the ESSnet Big Data II, WP-

C and is cited below. 

The current population was defined as in ICT in Enterprises survey1, i.e. “Definition of the 

enterprise website, From: Methodological manual for data compilers and users of the ICT 

survey, A6. Does your enterprise have a website? [Scope: enterprises with access to the internet, 

i.e. A1 > 0], [Type: single answer (i.e. Tick only one); binary (Yes/No); filter question].” 

This observation variable does not refer specifically to the ownership of the website, but to the 

use of a website by the enterprise to present its ‘business’. It includes not only the existence of 

a website which is located on servers belonging to the enterprise or at one of the enterprise’s 

sites, but also third party’s websites (e.g. one of the group of enterprises to which it belongs, 

i.e. the website of the parent enterprise). 

Note that enterprises having an account on specific social media (e.g. social networks such as 

Facebook, etc.) and providing functionalities (e.g. product lists and prices) similar to those of 

websites should not be considered as enterprises having a website. Although these enterprises 

would be expected to have control over the contents and in general manage their social media 

site, and interact with customers and/or partners, websites and social media should be 

considered different due to such factors as design limitations, reporting tools, rules to follow, 

maintenance effort, complexity and marketing effort (WIN WP2, Deliverable 2.1, 2022). 

Retail enterprises that have presence on the web through the enterprise that holds the rights 

(royalties in the case of franchising) for the brand are counted as having a website, e.g. the 

parent enterprise Bosch and the enterprise is a retailer of Bosch garden tools; Levis jeans and 

the retail shops; etc. The level of web presence can vary from simply an ‘enterprise locator’ on 

a map (in particular for retailers — e.g. find your closest Bosch tools dealer) and indirect 

advertisement of the products/services, to more sophisticated functionalities. As long as the 

                                                 
1 ICT in Enterprises Methodology, https://ec.europa.eu/eurostat/web/digital-economy-and-society/methodology, as of 
01.12.2021 

https://ec.europa.eu/eurostat/web/digital-economy-and-society/methodology
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presence of such enterprises on the web is through other websites for the specific products or 

services (not through yellow pages or telephone directories), it is considered that the enterprise 

has a website (enterprise should have control over the content). However, it does not include 

any presence of the enterprise on the web. That would be too broad, as it would include the 

presence of the enterprise (e.g. its name or its contact information) in directories and online 

yellow pages. These cases are not in scope of this question. For instance, enterprises on e-

marketplaces where they have the possibility to advertise themselves, quote prices for ad hoc 

services, etc. are not enterprises that are considered to have a website. 

Finally, this variable includes any type of website, independent of its sophistication or the 

services provided. 

Note that an enterprise may have e-commerce web sales and still not have a website as the sales 

are channeled through e-marketplaces. Note also that e-commerce marketplaces are considered 

different from e-commerce platforms e.g. Shopify, WooCommerce, Magento, Bigcommerce, 

etc. that provide scalable, self-made online solutions for business that would like to set up their 

own e-commerce website. In this respect, an enterprise building its own e-commerce website 

using any e-commerce platform should be in the scope of ‘enterprises having a website’ (WIN 

WP2, Deliverable 2.1, 2022). 

To ensure the high quality of the results, annotation exercise has been performed. More 

information can be found in the Deliverables of Work Package 4 of the Web Intelligence 

Network. 

2.2. Social Media Presence 

2.2.1. Methodology 

To precisely determine the social media channels in which an enterprise is present, we identify 

platforms such as Facebook, LinkedIn, X (formerly Twitter), Instagram, TikTok, and YouTube. 

It is important to note that the presence of a link to a social media platform on an enterprise's 

website does not inherently confirm the enterprise's active presence on that platform. Such links 

may redirect to third-party content (e.g., YouTube videos) or to accounts managed by other 

entities, rather than the enterprise itself. 

An enterprise is considered to utilize social media if it maintains at least one of the following: 

a user profile, a business account, or a user license, as dictated by the specific requirements of 
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the platform (e.g., Facebook mandates a profile, while X requires an account). Active 

engagement on the platform is not a prerequisite; the mere provision of basic information, such 

as location, product offerings, or services, suffices to qualify as presence. This criterion applies 

irrespective of whether the social media account is managed by employees, customers, or 

business partners. Additionally, the operational status of the account—whether fully functional 

or in a pilot phase—does not affect this classification. 

However, enterprises that exclusively utilize social media for paid advertisements, either 

directly through the platform owner (e.g., Facebook, X) or indirectly via third-party services 

that automate ad placements (e.g., SoKule), are excluded from this scope. Such activities do 

not constitute a genuine presence on social media but rather represent paid marketing efforts. 

Finally, communication tools such as Google Talk, Skype, and WhatsApp are excluded from 

the definition of social media, as their primary function is to facilitate one-to-one or many-to-

many communication among predefined contacts, rather than enabling broad, public, or 

community-oriented interactions. 

2.2.2. Metadata 

The following definition of SMP indicator is suggested: 

The social media presence indicator is defined by the existence of a social media link on the 

landing page of a company's website. To ensure the accuracy and relevance of this indicator, a 

predefined blacklist of social media URLs is systematically excluded from the analysis. The 

scope of this study is limited to companies that maintain an identifiable website, as only these 

entities are included in the dataset. However, it is important to note that not all companies with 

an active website may be identified as such due to inherent limitations in the comprehensiveness 

of the URL list utilized for data collection. Additionally, certain websites may employ technical 

measures, such as blocking web crawlers, which can result in their exclusion from the dataset 

despite the presence of a functional website. These constraints highlight the potential for 

underrepresentation in the dataset and underscore the need for cautious interpretation of the 

results. 
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2.2.3. Table template 

Table 1. Table template for SMP indicator 

Country Region NACE Company size SM type Percentage 

      

      

      

 

2.3. E-commerce 

2.3.1. Methodology 

E-commerce is defined as enterprises with an online shop on their own website.  

Online shops are identified with two criteria: 

• the presence of a shopping cart, 

• the presence of online payment providers (Paypal, Klarna, Amazon Pay). 

Each of these criteria is determined through deterministic rules. This is done by searching the 

HTML code for specific tags or keywords that indicate if a shopping card or payment provider 

exist on these websites. Table 2 gives the full list of features. 

Table 2. Features of e-commerce 

Type DOM 

Shopping cart 

(German) 

a[href*='/warenkorb'] img[alt='warenkorb'] 

Bag a[href$='/bag'] a[href*='/bag/'] a[href*='/bag-'] a[href*='/bag.'] 

Cart [aria-controls='cart'] a[href$='/cart'] a[href*='/cart/'] a[href*='/cart-'] 

a[href*='/cart.'] 

Other shopping 

cart synonyms 

a[href*='/trolley'] a[href*='/basket'] a[href*='/shoppingbag'] 

a[href*='/checkout'] a[href*='/order'] 

Icons i.fa-shopping-cart i.glyphicon-shopping-cart 
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IDs #add_to_cart #add-to-cart-button #cart_block #cart_block_list 

#cart_block_total #cart-empty #cart-item-list #cart-navigation #cart-

quantity #cart-remove #cart-total #cart-update #checkout-button 

#checkout-cart-validation #checkout-step-review #header-cart #mini-

cart #minicart-content #order_review #payments #product #product_list 

#product_price … 

Classes .add-to-cart .button-medium .cart_block .cart_block_list 

.cart_block_total .cart-button .cart-empty .cart-icon .cart-item .cart-

navigation .cart-quantity .cart-remove .cart-table .cart-total .cart-totals 

… 

Shopping cart 

(Dutch) 

a[href*='/winkelwagen'] [class*='winkelwagen'] 

WooCommerce .woocommerce .woocommerce-no-js link[rel*='woocommerce'] 

PrestaShop img[src*='/modules/prestablog/themes/'] img[data-

src*='/modules/prestablog/themes/'] 

Magento script[data-requiremodule*='mage/'] script[data-

requiremodule*='Magento_'] 

Paypal img[src*='paypal.com'] img[src*='paypalobjects.com']                          

[aria-labelledby='pi-paypal] [data-paypal-v4='true'] img[alt*='PayPal'] 

Klarna [aria-labelledby='pi-klarna'] 

Amazon Pay img[src*='amazonpay'] [aria-labelledby='pi-amazon'] meta[id='amazon-

payments-metadata'] [data-amazon-payments='true'] 

 

2.3.2. Metadata 

A website with e-commerce activity is an online platform that facilitates the buying and selling 

of goods, services, or digital products over the internet. It serves as a virtual marketplace where 

businesses and consumers can interact, browse products, make transactions, and manage orders. 

E-commerce websites are designed to provide a seamless shopping experience, integrating 

features such as product catalogs, shopping carts, payment gateways, and order tracking. 

Key Characteristics of an e-commerce website includes: 

1. Product Listings: Displays a catalog of products or services with detailed descriptions, 

images, prices, and availability. 
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2. Shopping Cart: Allows users to add, remove, or modify items before proceeding to 

checkout. 

3. Payment Gateway: Integrates secure payment options (e.g., credit/debit cards, PayPal, 

digital wallets) to process transactions. 

4. User Accounts: Enables customers to create accounts to track orders, save payment 

details, and manage preferences. 

5. Order Management: Provides tools for customers to track orders and for businesses to 

manage inventory, shipping, and returns. 

6. Search and Filtering: Helps users find products quickly through search bars, 

categories, and filters. 

7. Reviews and Ratings: Allows customers to leave feedback and ratings for products, 

enhancing trust and credibility. 

8. Security: Implements SSL certificates, encryption, and compliance with data 

protection regulations (e.g., GDPR, PCI DSS) to ensure secure transactions. 

9. Mobile Responsiveness: Optimized for mobile devices to provide a consistent 

shopping experience across all platforms. 

10. Marketing Tools: Includes features like discounts, coupons, email campaigns, and 

personalized recommendations to drive sales. 

Source: Web Intelligence Network: WP2 Deliverable 2.1. First Interim Progress Report, 2022. 

The indicator described in this report was calculated according to the methodology written in 

previous subchapter, i.e. by detecting: the presence of a shopping card, the presence of online 

payment providers (Paypal, Klarna, Amazon Pay). 

2.3.3. Table template 

Table 3. Table template for the E-commerce indicator 

Country Region NACE Company size Percentage having 

e-commerce activity 
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2.4. Multilanguage detection 

2.4.1. Methodology 

Detecting the multilingual feature of a website using HTML tags involves analyzing the 

structure and attributes of the HTML document to identify language-related metadata. Below 

is a methodology to achieve this: 

1. Analyzing the <html> Tag for Language Attributes 

The lang attribute in the <html> tag specifies the default language of the document. 

Example: 

<html lang="en"> 

If the lang attribute is present, the language code can be detected (e.g., en for English, pl for 

Polish). 

If the lang attribute is missing, the website may not explicitly declare its language. 

2. Checking for Alternate Language Versions Using <link> Tags 

Websites often provide alternate language versions using <link> tags with the rel="alternate" 

and hreflang attributes. 

Example: 

<link rel="alternate" hreflang="pl" href="https://example.com/pl"> 

<link rel="alternate" hreflang="de" href="https://example.com/de"> 

Each value corresponds to a different language version of the page. 

3. Inspecting <meta> Tags for Language Declarations 

Some websites use <meta> tags to declare the language or character set. 

Example: 

<meta http-equiv="Content-Language" content="en"> 

<meta charset="UTF-8"> 
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While the charset meta tag does not directly indicate language, it can support multilingual 

content by enabling Unicode encoding. 

4. Examining Language-Specific Content in <div> or <span> Tags 

Some websites use language-specific classes or attributes in <div> or <span> tags to toggle 

between languages. 

Example: 

<div class="lang-en">Hello</div> 

<div class="lang-pl">Witaj</div> 

The goal is to look for patterns in class names or attributes that indicate language-specific 

content. 

5. Detecting Language Switchers in the Navigation 

Language switchers are often implemented as dropdowns or buttons in the navigation menu. 

Example: 

<select id="language-switcher"> 

  <option value="en">English</option> 

  <option value="pl">Polish</option> 

</select> 

It can be achieved by identifying language switchers by searching for <select>, <a>, or 

<button> elements with language-related text or attributes. 

6. Look for Language-Specific URLs 

Multilingual websites often use language-specific URLs or subdirectories. 

Example: 

https://example.com/en/ 

https://example.com/pl/ 

Analyze the URL structure to detect patterns indicating different language versions. 
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7. Use JavaScript to Detect Dynamic Language Changes 

Some websites dynamically change the language using JavaScript. It is possible to inspect the 

JavaScript code for language-related functions or event listeners. 

Example: 

document.getElementById('language-switcher').addEventListener('change', function() { 

  var lang = this.value; 

  window.location.href = 'https://example.com/' + lang; 

}); 

8. Validate with HTTP Headers 

Another way is to check the Content-Language HTTP header, which may indicate the 

language of the page. 

Example: 

Content-Language: en 

9. Use Automated Tools for Detection 

It is also possible to use tools like third-party libraries (e.g., langdetect in Python) to analyze 

the language of the content. 

Example: 

from langdetect import detect 

text = "Witaj!" 

print(detect(text))  # Output: 'pl' 

However, this way provides mistakes if there is information in several languages on one 

website. WP2 observations shows also that mistakes can be made when the text is very short, 

e.g. sentence like ‘Hello’ which may be the same in different languages. 

The suggested workflow used in our case looks like this: 

1. Inspect the <html> tag for the lang attribute. 
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2. Search for <link> tags with hreflang attributes. 

3. Check for language-specific classes or attributes in <div> or <span> tags. 

4. Identify language switchers in the navigation. 

5. Analyze the URL structure for language-specific patterns. 

6. Validate findings with HTTP headers or automated tools. 

However, our observations show that the most accurate examples can be detected by analysing 

the <html> tag for the lang attribute.  

 

2.4.2. Metadata 

A multilingual version of a website refers to a website that provides content in multiple 

languages to cater to a diverse audience. It allows users to access the same or equivalent 

information in their preferred language, enhancing usability, accessibility, and user experience. 

A multilingual website typically includes: 

• Language-Specific Content: The website offers translated or localized content for each 

supported language. This includes text, images, videos, and other media tailored to the 

cultural and linguistic context of the target audience. 

• Language Selection Mechanism: A feature (e.g., a dropdown menu, flags, or buttons) 

that allows users to switch between available languages. 

• Language Metadata: HTML tags (e.g., <html lang="...">) and HTTP headers (e.g., 

Content-Language) that declare the language of the content for browsers and search 

engines. 

• Alternate Language Versions: Links or URLs (e.g., using <link rel="alternate" 

hreflang="...">) that point to alternate versions of the page in different languages. 

• Localization: Adaptation of content to reflect regional differences, such as date formats, 

currency, and cultural nuances, in addition to language translation. 

• Search Engine Optimization (SEO): Proper implementation of multilingual SEO 

practices, such as using hreflang tags, to ensure search engines index and rank the 

correct language version for users in different regions. 

Key Characteristics of a Multilingual Website: 

• Multiple Language Options: The website supports two or more languages. 
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• Consistent User Experience: The design and functionality remain consistent across all 

language versions. 

• Language Detection: Automatic detection of the user's preferred language based on 

browser settings or geolocation. 

• Localized Content: Content is not just translated but also culturally adapted to resonate 

with the target audience. 

A website might have the following structure for multilingual support: 

• English Version: https://example.com/en/ 

• German Version: https://example.com/de/ 

• Polish Version: https://example.com/pl/ 

Each version contains the same information but is presented in the respective language, with 

localized content and appropriate metadata. 

2.4.3. Table template 

The following template is suggested to be included as a part of the multilanguage characteristics 

of the website. 

Table 4. Table template for the Multilanguage indicator 

Country Region NACE Company size Language Percentage 

      

      

      

 

3. OJA tables 

3.1. Methodology 

Statistics on online job advertisements (OJA) is derived based on the methodology defined by 

Eurostat. All the information on methodological aspects can be found by the links below: 

OJA microdata production methodology: https://webgate.ec.europa.eu/fpfis/wikis/x/6oUIL 

https://webgate.ec.europa.eu/fpfis/wikis/x/6oUIL
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OJA microdata ESMS: 

https://ec.europa.eu/eurostat/cache/metadata/Annexes/isoc_sk_oja_esmsip2_an_1.pdf 

OJAs offer more possibilities for analysing labour market trends and capturing new emerging 

needs of employers than traditional surveys. This is due to the granularity of the information 

contained in the advertisements and the high frequency with which this information is made 

available. OJA data allow filling an information gap on the demand side of the labour market, 

in particular on the search for emerging occupations and skills, also in support of policy, through 

the construction of specific indicators that together contribute to the study of the mismatch 

between supply and demand, detailed by occupation, skills and also at territorial level. 

It is important to recognise that although OJA data provide a comprehensive and up-to-date 

perspective on labour demand, there may be discrepancies when compared with traditional 

survey data. These discrepancies could be due to potential biases within the OJAs, which need 

to be thoroughly analysed and understood before the resulting indicators are used to support 

official statistics and inform policy-making. It is therefore essential to ensure that these 

indicators are derived from accurate and reliable data and to carry out a thorough evaluation of 

their accuracy and robustness.  

In this section, we take a look at some key quality issues that may have an impact on the results 

obtained on the basis of OJA-based indicators by occupation: 

• source coverage; 

• stability of the sources: existence of the sources over time 

• representativeness; 

• consistency with official sources; 

• accuracy of the classification for occupation variable. 

 

Source coverage 

The coverage of the sources, websites/job portals, from which the OJAs are extracted is a 

prerequisite for the quality of the OJA output. The starting point to analyse the coverage is the 

Eurostat's selection model for OJAs (Landscaping of Websites for Webscraping with Focus on 

Selection Models, ESSnet-WIN, WP4 M.Six, A. Kowarik, J. Gussenbauer, October 2023).  

https://ec.europa.eu/eurostat/cache/metadata/Annexes/isoc_sk_oja_esmsip2_an_1.pdf


 

  
 

 

17 

The model consists of two building blocks, one for the quantitative assessment and one for the 

qualitative assessment of the relevance of the sources.  

The first building block involved indicators such as: type of the job-portal and operator; the 

OJA volume displayed on the website; the displayed form for variables of interest.  

The second building block is based on three dimensions: popularity of the website; stability of 

the access to the website as well as the stability of the time series based on the scraped data; 

coverage of all classes belonging to a classification of interest such as ISCO or NUTS in a 

similar way as comparable known data.  

The dimensions “stability” and “coverage” requires information from previous scraping rounds. 

When it is not possible to replicate the Landascaping model, because information from previous 

scraping rouns is not available, proxy indicators can be constructed with respect to those used 

by Eurostat. 

In the case of Italy, for example, a web-scraping expert from Istat identified the main job portals 

currently available. Indicators similar to those used by Eurostat, but also new ones, were used 

to construct the first building block. For the second building block, proxy indicators were used 

as no information was available from previous scraping rounds. The following table shows the 

set of indicators used by Italy to assess source coverage. 

Table 5. Selection model indicators   

 

Indicators Description 

Similar
Total visit

[1]
Total site visit (Million) from August to  October 2023 - Source Similarweb (https://pro.similarweb.com)

MozRank 

[2]

MozRank (https://www.checkergooglerank.com/it/mozrank-checker), developed by SEOmoz, is a 10-point scale measurement 

similar to Google Pagerank. It gauges the linking authority and popularity of a specific webpage on the internet. Essentially, 

MozRank serves as a score indicating a webpage's importance in comparison to others online (0 min / 10 max)

Alexa Rank 

[3]

Alexa Rank (https://www.sitexpired.com/) is a widely recognized global ranking system that assesses the popularity of millions of 

websites. The ranking is determined by analyzing the estimated average daily unique visitors and the number of page views a site 

receives over the past three months. A lower Alexa rank indicates a higher level of poularity. Websites are assigned ranks between 

1 and 100,000, with lower rankings signifying greater popularity. Typically, any site with an Alexa Rank under 30,000 is considered 

to be in the top tier of popularity (lower max / higher min).

Open PageRank  

[4]

The Open PageRank (https://www.domcop.com/openpagerank/) initiative aims to reinstate Page Rank metrics, allowing for 

straightforward comparisons between various domains. PageRank, which allocates a score ranging from 0 to 10, serves as a 

measure of a website's relative value to users. A PageRank score of 0 generally indicates a low-quality website, while a score of 10 

is reserved for the most authoritative sites on the web (0 min / 10 max)

Stability (proxy)  

[5]

The website "https://who.is/whois" provides a WHOIS lookup service. WHOIS is a protocol used to query databases and obtain 

information about the registration of domain names, IP addresses, and autonomous system numbers. When you enter a domain 

name or IP address into the search bar on "https://who.is/whois", it retrieves publicly available information about the domain name 

registrant, registrar, registration and expiration dates, name servers, and more. This information can be useful for identifying the 

owner of a domain, checking domain availability, investigating potential abuse, and other related purposes

Web scraping 

compatibility 

[6]

Evaluating Cascading Style Sheets (CSS) for Efficient Web Scraping of Web Page Information. OJA classification: NACE, NUTS, 

ISCO, ESCO, salary, contract type, work time. Web scraping score: CSS=2, Text=1, Missing=0. Min score 0 to Max score 14

OJA coverage  

[7]

Refers to the extent of coverage regarding the key classification systems of interest, such as ISCO, NUTS, NACE, etc. within the 

scraped OJA.  OJA classification: NACE, NUTS, ISCO, ESCO, salary, contract type, work time.  Coverage  score: Present=1, Not 

present=0. Min score 0 to Max score 7

Proxy

New
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Then, in order to identify the most relevant sites, a ranking exercise was carried out on the basis 

of the following indicators: Total visits ([1] in the table); Popularity ([2],[3],[4]); Stability ([5]) 

and Coverage ([6],[7]). 

The idea behind the Italian approach to assessing source coverage could be adopted by other 

NSIs. 

Stability of the sources: existence of the sources over time 

Stability with respect to the existence of the sources over time is crucial to ensure robustness of 

time series for longitudinal analysis and comparabiliy of the data over time. It is necessary to 

ensure monitoring of sources over time taking into account the natimortality of web sites/job 

portals; both with reference to sources that are non longer available and new sources that 

emerges and shoul be included if their contribution to OJAs covarege is significant. The risk of 

not being able to guarantee the stability of the sources could be a problem, as the OJA data 

could additionally capture the dynamics of the sources  instead of the dynamics of the labour 

market (concept drift). In order to avoid problems of this kind, a possible criterion for stabilising 

sources could be to consider sources that make a marginal significant contribution to coverage 

and leave out the less significant ones. 

Representativeness 

The non-probabilistic nature of the OJA samples affects the representativeness of each item in 

the occupational classification. This problem is further accentuated by the selection bias that 

characterises OJA data.  

In order to assess the representativeness of the OJA distribution by occupation, a comparison 

of the OJA and LFS distributions can be made on the basis of homogeneity tests (From the 

online job advertisements to official statistics – the aspects of quality assurance, CEDEFOP, 

J. Branka, V. Kvetan, J. Napierala, Q2022, Vilnius). To test the similarity of the occupation 

distribution from the two variables it is necessary to take into account the flows of new OJAs 

posted over each quarters and the flows of employed persons who started their current job in 

each quarter. The results show the occupations at different levels of the ISCO-08 classification 

(from 1 to 3-digit level) for which there is no significant difference between the two 

distributions and those for which there is a significant difference. In the second case, 

occupations that are over- (under-) represented in the OJA data are highlighted. 
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Consistency with official sources 

In addition to the LFS, the occupational distribution derived from the OJA data can also be 

analysed taking into account other country-specific official sources that provide variables 

correlated with the occupations sought by enterprises and that can be taken as a benchmark.  

In the case of Italy, for example, there are two different sources, one survey and one 

administrative, which provide respectively the forecast of hiring by occupation (the Excelsior 

information system promoted by Unioncamere, the Ministry of Labour and Social Policies and 

the European Union) and the flow of new hires and ending of employment contracts (the 

compulsory communication system of the Ministry of Labour and Social Policies).  

When analysing job advertisements in relation to employment stock or hiring flows, it is 

advisable to consider different lag periods, in order to take into account the time needed in 

which the announcement is turned into employment. 

Accuracy of the classification for the variable of interest 

A measure of accuracy of occupation classification can be derived adopting labelling exercise 

(manually classifying) based on the selection of samples through effective sampling strategies.  

3.2. Metadata 

The following definition by Eurostat is suggested to be used when disseminating OJA data: 

Online job advertisements refer to advertisements published on the World Wide Web revealing 

an employer’s interest in recruiting workers with certain characteristics for performing certain 

work. This could be motivated by the employer’s need to fill a current vacancy, by an 

exploration of potential opportunities, or other reasons. 

These advertisements normally include data on the characteristics of the job (e.g. occupation 

and location), characteristics of the employer (e.g. economic activity) and job requirements (e.g. 

education and skills). Part of this information is available only as natural language textual data. 

This type of big data requires specific methodologies in terms of processing and analysis, but 

also much higher information richness and avoids pre-conceived classifications (used to 

identify emerging skills). 

More information can be found here: https://webgate.ec.europa.eu/fpfis/wikis/x/iALUKg  

https://webgate.ec.europa.eu/fpfis/wikis/x/iALUKg
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OJA (Online Job Advertisments) data is a data collected from the selected websites by web 

crawling mechanisms. Websites selection is based on availability of the data sources, i.e. 

websites and its representativeness, e.g. by the number of job ads included. OJA data is de-

duplicated and mapped to occupations and skills by the use of supervised machine learning 

algorithms. 

Data is derived from web-scraping technology, which collects data from online job 

advertisements (OJA) using Eurostat's Web Intelligence Hub (WIH) infrastructure (Eurostat 

JVS, 2025). OJAs do not replace other types of labour market information, on the opposite, 

provide comprehensive, detailed, and timely insights into labour market trends and allows to 

identify early new emerging jobs and skills (Eurostat LMC, 2025).  

3.3. Table template 

Due to the problems with accuracy, according to the annotation exercise, we decided to suggest 

to present OJA time series with the most accurately mapped occupations, i.e. ISCO at the first 

digit level. Our suggestion is to construct the indicator as written below, with the table template 

as presented below. 

Table 6. OJA suggested template for OC2 index 

  2018 2019 2020 2021 2022 2023 2024 

AT-Österreich               

BE-Belgique/België               

BG-България                

CY-Κύπρος                

CZ-Česko               

DE-DEUTSCHLAND               

DK-Danmark               

EE-Eesti               

EL-Ελλάδα                

ES-ESPAÑA               

FI-Suomi/Finland               

FR-France               

HR-Hrvatska               

HU-Magyarország               

IE-Éire/Ireland               

IT-ITALIA               

LT-Lietuva               

LU-Luxembourg               
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LV-Latvija               

MT-Malta               

NL-Nederland               

PL-Polska               

PT-Portugal               

RO-ROMÂNIA               

SE-Sverige               

SI-Slovenija               

SK-Slovensko               

UK-United Kingdom               

 

Data included in the table above are based on job advertisements which were active in the 

selected year. It means that some advertisements could be included in two years, if were 

active for a long time in the turn of the year. 

𝑂𝐶2 𝑖𝑛𝑑𝑒𝑥 =
𝑂𝐶2

∑ 𝑂𝐶𝑘9
𝑘=1

 

Where: 

• OC1 - Managers 

• OC2 - Professionals 

• OC3 - Technicians and associate professionals 

• OC4 - Clerical support workers 

• OC5 - Service and sales workers 

• OC6 - Skilled agricultural, forestry and fishery workers 

• OC7 - Craft and related trades workers 

• OC8 - Plant and machine operators, and assemblers 

• OC9 - Elementary occupations 

 

If necessary to publish more ESCO codes, we suggest to publish the data with confidence 

intervals, as presented in the Figure below (example for Austria). 
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Figure 1. Suggested way of publishing OJA indicator with intervals 

 

The following attributes have been used to calculate the measures for the Figure above: 

• Number_OJAs_original = number of OJAs from the OJA-DPS (Online Job 

Advertisements – Data Production System) 

• Number_OJAs_transformed = transformed number of OJAs from the OJA-DPS using 

the transition probability matrix derived from annotation rounds 

• Share_OJAs_original = relative share of OJAs from the OJA-DPS. Shares are 

calculated per country and period (Year/Quarter) 

• Share_OJAs_transformed = relative share of transformed OJAs. Shares are calculated 

per country and period (Year/Quarter). 

• Share_OJAs_transformed_upper / _lower = upper or lower end of 95% confidence 

interval for the relative shares of OJAs using the transformed number of OJAs. Shares 

are calculated per country and period (Year/Quarter). 
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The results of the first and second annotation round, carried out during the project, revealed that 

the quality of the automatic classification of Online Job Advertisments (OJAs) was not suitable 

for the purpose of official statistics. Regarding the ISCO classification, the participating 

countries, observed an overall classification accuracy for the 1st digit ISCO between roughly 

40% and 70%. More details on the annotation rounds are presented in deliverable 4.8 (Quality 

Assessment for the statistical use of webscraped data). Even though the classification accuracy 

might need be very high the information from the annotation rounds can still be utilized to 

construct experimental tables on the OJAs. Members of WP2 reached a consensus to construct 

experimental tables by the 1st digit ISCO, because this dimension was annotated in both 

annotation rounds, yielding a more information to construct the table. 

Consider a sample of 𝑛 OJAs drawn from a population of 1, … , 𝑁 OJAs. Each online job OJA 

is annotated with respect to the 1st digit ISCO yielding 𝐼𝑆𝐶𝑂𝑖
1 and 𝐼𝑆𝐶𝑂̂𝑖

1, 𝑖 = 1, … , 𝑛, as the 

1st digit ISCO classified by a model or an annotator respectively. 

Let 𝑇0, … , 𝑇9 be the total number of OJAs per 1st digit ISCO in the population 

𝑇𝑘 = ∑ 𝕀

𝑁

𝑖=1

[𝐼𝑆𝐶𝑂𝑖
1 = 𝑘] ,  𝑘 = 0, … ,9 , 

with 𝕀[. ] as the indicator function. Using the annotation sample one can construct an 

experimental total 𝑇̂𝑘 for 𝑇𝑘 by 

𝑇̂𝑘 = ∑ 𝑇ℎ

9

ℎ=0

⋅ 𝑝ℎ,𝑘 ,  𝑘 = 0, … ,9 

with 

𝑝ℎ,𝑘 =
∑ 𝕀𝑛

𝑖=1 [𝐼𝑆𝐶𝑂̂𝑖
1 = 𝑘]

∑ 𝕀𝑛
𝑖=1 [𝐼𝑆𝐶𝑂𝑖

1 = ℎ]
 ℎ, 𝑘 = 0, … 9 . 

𝑝ℎ,𝑘 represents the share of OJAs with 𝐼𝑆𝐶𝑂𝑖
1 = ℎ which have been annotated as having the 

1st digit ISCO equal to k (𝐼𝑆𝐶𝑂̂𝑖
1 = 𝑘). 

Since the annotated OJAs come from a sample the weighted version 𝑝̂ℎ,𝑘 can be constructed 

unsing the sampling weights 𝑤𝑖: 
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𝑝̂ℎ,𝑘 =
∑ 𝑤𝑖

𝑛
𝑖=1 𝕀[𝐼𝑆𝐶𝑂̂𝑖

1 = 𝑘]

∑ 𝑤𝑖
𝑛
𝑖=1 𝕀[𝐼𝑆𝐶𝑂𝑖

1 = ℎ]
 ℎ, 𝑘 = 0, … 9 . 

Furthermore for each of the survey estimates 𝑝̂ℎ,𝑘 a survey error 𝜎̂ℎ,𝑘 can be estimated. A 

confidence interval for 𝑇̂𝑘 can be constructed by simulating 𝐵 values {𝑝̂ℎ,𝑘
1 , … , 𝑝̂ℎ,𝑘

𝐵 } with draws 

from a truncated normal distribution with parameters 𝜇 = 𝑝̂ℎ,𝑘, 𝜎 = 𝜎̂ℎ,𝑘, 𝑎 = 0 and 𝑏 = 1. 

Note that by construction 𝑃 = {𝑝̂ℎ,𝑘}ℎ,𝑘=0,…9 represents a transition probability matrix which 

rows sum to 1, however 𝑃𝑏 = {𝑝̂ℎ,𝑘
𝑏 }ℎ,𝑘=0,…9,𝑏 = 1, … , 𝐵 does not have this property. For 

practicle applications we normalised the row sums for 𝑃𝑏,𝑏 = 1, … , 𝐵 such that each row sums 

to 1: 

𝑝
ℎ,𝑘

𝑏
=

𝑝̂ℎ,𝑘
𝑏

∑ 𝑝̂ℎ,𝑙
𝑏9

𝑙=0

 ℎ, 𝑘 = 0, … 9 . 

A 95% confidence interval can be constructed by estimating the 2.5% and 97.5% percentile 

from {𝑇̂𝑘
𝑏}𝑏=1,…,𝐵 

𝑇̂𝑘
𝑏 = ∑ 𝑇ℎ

9

ℎ=0

⋅ 𝑝
ℎ,𝑘

𝑏
 ,  𝑘 = 0, … ,9 . 

The above described methodology was applied to the number of OJAs aggregated by 1st digit 

ISCO from the datalab for the quarters 2018 Q3 to 2024 Q3 and countries AT, BG, DE, FI, FR, 

IT, PL, SI. 

Figure 2 shows the relative shares of OJAs for Austria by 1st digit ISCO and Year-Quarter. The 

top panel shows the data using the original number of OJAs from the datalab and the bottom 

shows the transformed relative shares of these totals. 
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Figure 2. Share of OJAs for Austria by 1stt digit ISCO and Year-Quarter. The top panel shows 

the original and bottom the transformed relative totals. 

 

Figures 3 and 4 show the relative shares of OJAs resulting from the transformed totals for the 

counties AT, BG, DE, FI, FR, IT, PL, SI. The shaded areas represent estimated 95% confidence 

intervals. 
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Figure 3. Transformed share of OJAs for countries AT, BG, DE and FI by 1st digit ISCO and 

Year-Quarter. The shaded areas represent 95% confidence intervals. 
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Figure 4. Transformed share of OJAs for countries FR, IT, PL and SI by 1st digit ISCO and 

Year-Quarter. The shaded areas represent 95% confidence intervals. 
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