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Artificial Intelligence Activity devoted to making machines intelligent [64]
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Virtual CompetenceAssistant Personalized AI-enabled virtual assistant using ESCO toprovide personalized recommendations on available JPsand training (Publication I)
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1 Introduction
With the emergence of the fourth industrial revolution, we are getting closer to wheretechnological progress promises to refine the scope of human achievement. Such inno-vation is reshaping the labor market, leading to a rising demand for new skills while tra-ditional ones become less relevant. Additionally, recent events, including the COVID-19pandemic, surging energy costs, and Russia’s aggressive military actions against Ukraine,have intensified short-term uncertainties in the labor market and brought about freshconcerns calling for adaptability from individuals, industries, and societies to thrive in thischanging environment [77].In response to these challenges, the research focuses on harnessing AI-enabled in-novations within the labor market offered by public sector organizations to enhance theadaptability and resilience of citizens. This topic aligns with EU policies that prioritizeskills development as essential for maintaining competitiveness, fostering resilience, andadvancing social fairness across the member states [21]. Notably, EU’s member stateshave endorsed the EU 2030 social targets aiming for at least 60% of adults to partici-pate in training annually to meet the employment rate target of at least 78% by 2030[25], while the 2030 Digital Compass sets further goals that by 2030, at least 80% of alladults should possess basic digital skills [31]. Moreover, an estimation made in 2020 sug-gests that in the EU-28 Member States, alongside Iceland and Norway, approximately 128million adults—or 46.1% of the adult population—have the potential to benefit from up-skilling and reskilling opportunities [6]. Hence, the current demographic trends, charac-terized by a shrinking working-age population [71], not only emphasize the importance ofunlocking the full potential of the existing labor force and investing in skills across all agegroups, but also underscore the necessity of focusing efforts on integrating more individ-uals into the labor market due to the increasing occurrence of skill shortages [29]. Thisis especially important for groups that are typically underrepresented, including women,individuals with disabilities, the older workers, and youth who are not involved in edu-cation, employment, or training [65]. Consequently, this research aims to lay the nextgeneration foundation to enhance and expand the current state of public service deliverywithin the labor market, ensuring a more dynamic, inclusive, and skilled citizens ready tomeet future challenges.
1.1 Problem Statement
As the labor market undergoes rapid transformations due to technological advancementsand shifting economic dynamics, significant challenges arise in the employment sector. Inresponse to these changes, at the core of every country’s labor market is a Public Employ-ment Service (PES) that plays a crucial role in linking the unemployedwith job and trainingopportunities, helping to bridge the gap between evolving job requirements and availableworkforce skills. In Publication I we analyzed the current state of e-services provided bythe Estonian PES (the Estonian Unemployment Insurance Fund), using it as a represen-tative example of a PES in an EU country. Based on our findings, we can summarize twocritical issues that stand out in the PES sector specifically:

1. The lack of intelligent matching between citizens’ CVs and job or training adver-
tisements. Today, even after providing all relevant career information in the ap-plication forms of the Estonian Unemployment Insurance Fund e-service, citizensmust still search through thousands of advertisements to find suitable job and train-ing opportunities. Today there are no advanced algorithms nor machine learningmethods being used, so there is no room left for citizens to not know exactly what
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kind of job they should define to receive a job recommendation (see Figure 1 box"ISCO codes match?"). This shortfall results in missed opportunities for job seekers,training providers and employers, leading to inefficiencies within the labor market.
2. Missing consideration of skills and qualifications during thematching process. TheEstonian Unemployment Insurance Fund’s e-service today lack a feature that allowscitizens to input specific skills they have, training providers to input specific skillsthey provide and job providers to input specific skills they expect. This oversightmakes it harder to match citizen’s skills with the actual requirements of job rolesand training programs, increasing the difficulty of finding suitable employment ordevelopment opportunities.

Query
personal data

for CV

X-ROAD
(National data exchange layer)

Log inInput

Citizen

Estonian
Unemployment

Insurance Fund's
e-service

Planned training events

Training 1

Training 2
...
Training N

Vacancies

Job offer 1 + ISCO code

Job offer 2 + ISCO code
...
Job offer N + ISCO code

Search
/

Apply
Citizen's former and current occupations

Occupation 1 + ISCO code

Occupation 2 + ISCO code
...
Occupation N + ISCO code

Job wish

Job title 1 + ISCO code 1

Job title 2 + ISCO code 2
...
Job title 3 + ISCO code N

Citizen's educational background

Education 1

Education 2
...
Education N

Estonian Tax and
Customs Board

Ministry of
Education and

Research

Notify

ISCO codes
match?

Critical issue 1

Critical issue 2

Figure 1: Citizen’s activities and data related to the Estonian Unemployment Insurance Fund’s e-
service (Publication I).

Figure 1 concludes the main activities any citizen, both unemployed and employedin Estonia, can perform when seeking help in career advancement through the EstonianPES’s e-service. The activities and findings related to issues were both validated with therepresentatives of the Estonian Unemployment Insurance Fund (Publication I). The figureshows that the data related to citizen’s background is imported from the public registriesvia national data exchange layer, however, this data is not used for recommending jobsand training. The citizenmustmanually insert jobwishes—a functionalitywhich is rigid re-quiring a citizen to define specific occupation that must match with the occupation beingdefined by the job providers. Moreover, in order to receive a suitable job wish, selectingthe suitable occupation title is often limited due tomissing recently emerged occupations(such as jobs in the field of cyber security and data science) in the predefined occupations
12



list of the e-service. Finding suitable training is even more challenging because there areno features available to receive alerts about appropriate training events. Even if a specifictraining is interesting for a citizen, a career counselor must manually verify its appropri-ateness for the citizen’s profile. These issues emphasize the need for intelligent solutionsthat can deal with the complexities of themodern labor market, making the developmentof sophisticatedmatching systems a critical priority. In addition to the two key issues iden-tified, a third critical aspect emerges—the need to address the gap between current andfuture skills. This can be achieved by focusing on exploring new ways for the governmentto help citizens adapt labor market changes (Publication I).
1.2 Objective and Scope
Considering the growing urgency to address skill shortages by incorporating more indi-viduals into the labor market, especially those from underrepresented groups, the roleof artificial intelligence (AI) has concurrently surged in importance. AI is now universallyacknowledged as an indispensable component of modern e-services, reflecting its role inshaping the future of employment and digital services [5]. The definition of AI is constantlyevolving, making it challenging to encapsulate in a static description. The OECD’s defini-tion of an AI system is being used by increasing number of sources as a reference and hasjust recently been revised [68]. Similarly, in 2024, the EU’s final AI Act made a great effortto encapsulate all aspects of AI into one definition [28]. These definitions, however, lackexplicit detail on how AI-enabled services interact with and adapt to the environmentsthey operate in. Although, the two definitions contain "from the input it receives" andthereby hint at interaction with the environment, we need to focus more on the specificsettings where AI-enabled services will be used. Within this thesis, we adopt [64] defini-tions, describing "AI" as an "activity devoted tomakingmachines intelligent", and defining"intelligence" as a "quality that enables an entity to function appropriately and with fore-sight in its environment". The essence of "functioning appropriately and with foresight"encapsulates the need for AI-enabled services to not just process data and produce out-puts but to do so in a way that is meaningful, beneficial, and contextually relevant to thespecific environment.

To illustrate this principle, this research is dedicated to transforming the existing ser-vices within the EU’s PES sector by implementing AI-enabled solutions. This transforma-tion will be explored through proposing the initial concept for a Virtual Competence As-sistant (VCA), specifically designed to address the challenges and enhance the capabilitiesof PES. The VCA is a concept for an AI-enabled assistant aimed at guiding citizens in theircareer journeys proactively (see Chapter 3.1). Hence, the research addresses the intersec-tion between a citizen, regional labor market and education. The overlapping of theseelements illustrate three crucial components for the VCA: (1) matching the citizen’s skillswith jobs, (2) matching the citizen’s skills with opportunities for upskilling and reskilling,and (3) local labor market intelligence (LMI), which includes skills mismatch and futureforesight (see Figure 2).
After establishing the initial concept for the VCA, the scope of the research evolvedseveral times from the initial roadmap outlined in Publication I. It became clear that foun-dational research was necessary to set the stage for developing AI-enabled tools withinthe PES sector. Although recent reports claim that the practical use of AI in PES sector isa growing trend [66], the research about digital services using AI in PES sector is virtu-ally non-existent [61]. Hence, we decided to establish foundational aspects before citizen-facing AI-enabled services could be built: the implementation requirements of AI-enabledservices in PES sector (see Chapter 3.2).
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Figure 2: Intersecting fields of the virtual competence assistant. The practical scope of the research
is the intersection where citizens’ skills are matched with job opportunities

Later, we decided that the practical scope of the research must be limited to the firstcomponent: matching the citizen’s skills with jobs (see striped area on Figure 2). Theprimary reason for this decision was that among the three components, job recommen-dation field was well-developed in scientific research, providing the building blocks neces-sary for the PES sector to begin experimenting with the first iteration of VCA. In contrast,the literature on training recommendation systems was sparse and did not offer a solidfoundation for experimentation. Additionally, the accessibility of relevant data from theEstonian PES side on training events was initially viewable only via the web interface andthen suddenly removed from the public internet entirely, additionally complicating theprocess. Furthermore, while the job market skills intelligence field has seen many suc-cessful trials globally, the VCA requires tailored advice at the local market level. Unfor-tunately, the research in this area is often a manual, one-time effort [52] [59]. However,while implementing the European Classification of Skills/Competences, Qualifications andOccupations (ESCO) as foundational classification to the VCA, it will leave the doors openfor addingmore functionalities, such as matching skills with training and skills intelligencetool development, in the future [22]. By focusing on the AI implementation requirementsand the first component—matching skills with jobs—we effectively lay the groundworkfor the subsequent developments, providing essential insights and technical details nec-essary for addressing the next components.
1.3 Research Questions

The thesis proposes initial concept for VCA, then focuses on the implementation require-ments of AI-enabled services in PES sector in the EU and explores how to effectivelymatchskills with job opportunities using the ESCO classification. In doing so, it establishes a ro-bust foundation that can be expanded to include upskilling and reskilling initiatives, aswell as to integrate with local LMI. Hence, the thesis addresses this topic with the follow-
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ing research questions:
RQ1 (Context): Howcan the integration of occupational classification systems into proac-tive services address challenges in PES service provision in the EU?SQ1. What are the main challenges to PES provision in the EU?SQ2. How can the European labor market benefit from using the occupational clas-sification systems in proactive services?RQ2 (Requirements): How to implement AI-enabled solutions in the Estonian PES?SQ1. What are the needs of external user groups for a modern PES self-service?SQ2. What are the internal implementation requirements to build AI-enabled solu-tions for PES?RQ3 (PoC): How to create a PoC for recommending jobs to citizens based on ESCO?SQ1. What type of existing AI models could be usable?SQ2. What approach is required to train the model?
Table 1 presents howeach research question is linked to the relevant publication and thesischapter where the question is investigated and addressed.

Table 1: Mapping of research questions to relevant publications and thesis chapters

RQ Publication Chapter number Core subjectFraming RQs I 1.1 ProblemRQ1 SQ1 II 3.1 Challenges of PES in the EURQ1 SQ2 III 3.1 Initial concept of VCARQ2 IV 3.2 AI implementation requirements in PESRQ3 SQ1 V 2.2 SOTA job recommendation methodsRQ3 SQ2 V, VI 3.3 PoC for recommending jobs to citizens

1.4 Research Methodology
To effectively explore the research questions and achieve the objectives of this study, weadopted amixed-methods approach that integrates both qualitative and quantitative datacollection techniques. As noted by [86], the synergy of these methodologies allows in-formation systems researchers to derive conclusions that are both more accurate andinsightful. The choice to employ a mixed-methods research design is fundamentally in-fluenced by the novelty of the research field (see Chapter 2.2.2) and the complexities ofimplementing AI-enabled services in public sector [2] [35]. In mixed methods research,the researcher rigorously collects and analyzes both qualitative and quantitative data, in-tegrates these data types and their results, organizes them into specific research designsthat dictate the study’s procedures, and situates all these processes within a theoreticaland philosophical framework [11].This research is composed of 6 original peer-reviewed research articles, including 1journal and 5 conference papers. Figure 3 illustrates how these publications contribute toand are interconnected with the overall outcomes of this research. The overall researchprocess can be divided into three stages: context, requirements and proof of concept(PoC) development. Publications I, II and III contribute to initial VCA concept develop-ment utilizing qualitative research methods. In Publication I we formulate the problemand validate the results with the experts working in the Estonian PES. In Publication II weanalyze the overall challenges of active labor market service provision in the EU with 42
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participants from Italy, Germany, Latvia, Finland, Estonia and Norway. Publication III con-centrates on proactive service delivery and recent directions of AI-enabled service devel-opments in Estonia involving participants from the Estonian Qualifications Authority andthe Estonian PES. In the second phase (Publication IV) we explore more specifically thecurrent state of AI-enabled service delivery in the EU with literature review. Additionallywe involve external user groups (job seekers and employers) to analyze the Estonian PESself-service ’e-töötukassa’ and internal experts (AI experts and scientists) to share their ex-perience with AI-enabled service implementation in the Estonian PES. The second stagecontributes with designing a methodological framework for empirical investigation thatis used to identify the AI-enabled service requirements and proposes iterative require-ment collection process for AI-enabled service planning and development in PES sector.Lastly, the PoC stage first analyzes the state-of-the-art (SOTA) job recommendation meth-ods (Publication V) and proposes two models for achieving PoC for recommending jobs ina controlled environment (Publication VI).
1.4.1 Context

In the context phase, the primary methods utilized were semi-structured focus group in-terviews and thematic analysis. Focus groups were conducted with 43 participants acrosssix countries, including Estonia, Finland, Latvia, Germany, Norway, and Italy, utilizing plat-forms like MS Teams and in-person meetings in Italy and Estonia. These discussions wereanalyzed using thematic analysis supported by NVivo software, which facilitated the iden-tification of patterns and themes across different regions.
Additionally, preliminary semi-structured interviewswere conductedwith unemployedjob seekers and stakeholders from the Estonian Unemployment Insurance Fund (EUIF)to gather direct insights into user experiences and perceptions of current labor market.These qualitative methods provided a foundational understanding for building the initialconcept of VCA.
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1.4.2 RequirementsThe Requirements phase utilizes a combination of quantitative and qualitative methodsto define specifications for AI-enabled public employment services:
1. Quantitative surveys: online surveys were conducted in English and in Estonian togather data from Estonian job seekers and employers, focusing on demographicinformation, awareness, challenges, and expectations. This phase involved 176 re-spondents, providing a broad base of quantifiable data from PES users.2. Qualitative interviews: semi-structured interviews were conducted with variousstakeholders. Seven interviews with experts from diverse sectors such as finance,software development, and education, and eight interviews with internal AI ex-perts, familiar with previous AI projects, provided deeper insights into both externaland internal requirements for PES.
This phase integrated the quantitative survey data with qualitative interview results,using statistical analysis and thematic analysis to ensure a comprehensive understandingof user and stakeholder needs essential for developing the VCA.

1.4.3 Proof of ConceptIn the PoC phase of this research, the experiments with initial VCA are executed withina simulated environment specifically designed to reflect the Estonian PES context. Thisphase leverages both a thorough literature survey and specialized machine learning (ML)methods to ensure the initial VCA is effectively tailored to the unique challenges presentedby the Estonian context.Literature survey: a foundational element of this phase is the literature survey, whichidentified the SOTA job and training recommendation systems employing AI technologies.The survey targeted publications containing specific keywords such as "recommendationsystem", "job", "training" and "artificial intelligence." From a broad dataset sourced fromScopus and Google Scholar, this search was refined down to 34 articles. These articleswere chosen based on their explicit use of advanced AI methods like ML, artificial neu-ral networks (ANN), and deep neural networks (DNN), and the clarity with which theirdatasets were described (see Section 2.2).Simulated testing environment: addressing the practical aspect of the VCA’s develop-ment, the research utilized a simulated environment tailored to overcome the specificlimitations of the Estonian labor market—primarily, the challenges posed by the Estonianlanguage, which is considered a low-resource languagewith limited data availability. Toolsandmodels specifically selected for their efficacy in low-resource settings were employedto conduct PoC experiments targeting the first component of VCA: matching skills withjobs.
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2 Related Work
The labor market, often called the job market, encompasses the availability of employ-ment and the need for workers, where employees represent the supply side and employ-ers create the demand. The classical labor market theory, with its assumptions of wagedetermination at equilibrium, high labor mobility, minimal government intervention, flex-ible wages, and the belief in the existence of full employment, presents a compelling butunrealistic illusion of labormarket dynamics [46]. In 1930’s these assumptions were ques-tioned by Keynesian economics, which argued that active government intervention is nec-essary to address persistent unemployment and ensure economic stability [45]. Anothertheory, first introduced in 1970 by [19], to characterize the labor market more realisticallyis the Dual Labor Market (DLM) theory, which posits that the labor market is segmentedinto twodistinct parts: the primary and secondary sectors, eachwith differentwage levels,job stability, andworking conditions. Primary jobs typically offer highwages, skill develop-ment, and career advancement, whereas secondary jobs are characterized by low wages,high turnover, limited progression, and are disproportionately filled by minority workers[74]. A study in 2023 on the US dual labormarket found that secondary sector workers aresix times more likely to switch labor market states and ten times more likely to be unem-ployed than their primary sector counterparts. Furthermore, while the secondary sectorrepresents just 11.9% of total employment in the US, it is responsible for 61% of the econ-omy’s unemployment and almost two-thirds of the unemployment variability throughoutthe economic cycle [1]. In the EU, the secondary sector makes up 15.5% of the Europeanlabor market, is distinguished by "insecure employment, low incomes and a lack of jobprospects" and is more likely to be on part-time jobs [79]. Furthermore, individuals em-ployed in this segment tend to be younger, predominantly female, and concentrated inservice-oriented jobs, indicating a demographic and economic segmentation in the labormarket that could be critically influenced by technological advancements.

Current AI research, however, predominantly focuses on the development of AI tech-nology itself, often overlooking the broader implications such technologymay have on theactual environments in which it is deployed. This oversight highlights a gap in integratingAI developmentswith socio-technical system research, which considers the complex inter-actions between technology and society. Understanding these interactions is crucial foraddressing the systemic issues in labor markets, such as those observed in the secondarysector. The integration of socio-technical perspectives could provide valuable insights intohow AI can be designed and implemented to mitigate negative impacts on vulnerable la-bor segments and enhance overall employment quality. The concept of socio-technicalsystems (STS) considers integration of human, social, organizational, and technical factorswithin systems design, particularly emphasized in computer-based systems [36]. Initiallydeveloped during post-WWII projects by the Tavistock Institute in the British coal miningindustry, STS theory has evolved to emphasize the interconnectedness of technical andsocial subsystems within organizations, advocating for a holistic configuration of techni-cal, organizational, and social elements for system success [84] [4]. Recent shifts towardsdigital socio-technical systems highlight the transformative impact of digital technologieson organizational structures and stakeholder relationships, driven by advancements in AI,robotics, and machine learning. These technologies facilitate a new level of intelligenceand decision-making autonomy in machines, marking a significant evolution from tradi-tional socio-technical systems to dynamic, digitally interconnected frameworks [89] [14].While focusing on the implementation of AI-technologies into organizations, we need toconsider the existing interconnected elements of the environment such as existing infras-turcture, processes, stakeholders, goals of the organization, technology and culture. In
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socio-technical design, it is essential to recognize that organizational practices and tech-nology are continuously co-evolving and must be constantly realigned. Moreover, beforerecommending the most effective strategies for deploying AI solutions and encouragingtheir adoption, it is crucial to first determine the areas where AI will be most influential[60]. Thereby a more holistic approach is needed to address the whole environment it isconnected to. In [41] the authors have assembled a comprehensive diagram "supportingcontinuous and reliable functioning of AI-based socio-technical processes", outlining thetasks, actors, and interacting organizational practices typically observed in organizationsthat implement AI. The research has two significant outcomes. Firstly, it emphasizes theneed for interdisciplinary collaboration among various social science domains and bringsfocus for a more participative approach, involving AI experts from all organizational levelsin the conceptualization and knowledge transfer stages of research projects. Secondly, itemphasizes that implementing AI in organizations is not just a job for technical AI experts;it is a complicated, continuous process that requires involving the organization and its ex-perts from various organizational contexts in a timely manner. The following table (Table2) is summarizing how various studies have addressed the integration and impact of AI inpublic employment services.
Table 2: Related studies and reports on AI usage in PES sector

Aspect Details
Role of AI Despite its potential, research in AI applications within PES is limited [61]. CurrentAI applications in PES include profiling unemployed individuals and gathering skillsintelligence [26] [17] [37].
AI implementation Effective AI implementation in PES requires addressing predictive algorithms forprofiling and matching, using data such as age, job history, and educational infor-mation to enhance service efficiency [17] [48]. The International Labour Organi-zation highlights the need for a digital transformation strategy, skilled tech staff,robust data management, and effective cybersecurity [44].
Challenges and considerations Integration of AI must consider data privacy, risk of discrimination, and the digitaldivide [85]. The success of AI tools, typically around 70% accurate, often outper-forms human staff in profiling accuracy [17] [16]. However, employee acceptanceand the impact on their roles are crucial factors [40].
Citizen-centric focus AI-enabled solutions should align with citizen’s needs, offering tailored recom-mendations [16]. However, the potential for discrimination due to biased dataand the generalization of individual needs are concerns [44] [48] [85]. Citizen’sacceptance and readiness for new technologies must be carefully managed.
Stakeholder Involvement Early involvement of all stakeholders, including PES employees and clients, is rec-ommended to ensure the effective implementation and acceptance of AI solu-tions in employment services [17].

Based on the available resources, only a few PESs in Europe have implemented AItechnologies to directly assist citizens. Pôle Emploi in France and VDAB in Belgium utilizeadvanced tools, Automatic CV Analysis (AACV) and Competency-Seeker respectively, toenhance job matching by identifying unmentioned skills in citizen’s profiles. AACV, basedon job history and the PES taxonomy, allows caseworkers to validate or enhance a job-seeker’s skill set after an interview, with a 68% user satisfaction rate [5]. Similarly, VDAB’sCompetency-Seeker suggests necessary skills for both jobseekers and employers, analyz-ing data from CVs and job ads to detect implicit skills and competencies, aiding in moreaccurate job placements. In addition to AACV and Competency-Seeker, VDAB offers theJobbereik application, which assists users in exploring various job opportunities that alignwith their existing skills [5]. Jobbereik operates on the principle that core skills are trans-ferable across different occupations and industries. By entering a desired job title, usersreceive suggestions for alternative roles that require similar skills, broadening their jobsearch beyond their last held position. This tool not only identifies new potential careerpaths but also highlights the skills gaps that need to be bridged for these new roles. Con-
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sequently, Jobbereik provides insights into required additional training or education, sup-porting jobseekers in making informed career transitions and enhancing job mobility.
2.1 Occupational Classifications
In Publication III, various occupational classifications were analyzed and are subsequentlyelaborated upon in the following paragraphs. This section explores the structure, purpose,and implementation of these classifications across various contexts.Developedby the International LabourOrganization (ILO), a part of theUnitedNations,the International Standard Classification of Occupations (ISCO) serves as a global frame-work for organizing job titles and occupations. Its design categorizes jobs into a hierarchi-cal structure, which includes 10major groups, 40 sub-major groups, 127minor groups, and436 unit groups . For example, the code "2522" identifies a group called "Sytems admin-istrators". This system is invaluable not just for categorizing occupations but also servesas a baseline for countries to adapt and expand upon for their national occupational clas-sification systems, offering detailed descriptions for each group [43]. The most recentiteration, ISCO-08, was published in 2008 and is widely used by ministries and nationalstatistical offices around the world for various purposes, including labor market analysis,job classification, and occupational statistics. ISCO is mostly adopted by ministries of la-bor or employment, ministries of education, and national statistical offices for structuringjob classifications, aligning educational programs with labor market needs, and collectinglabor statistics.The European Qualifications Framework (EQF) serves as a standardized qualificationsystem across European countries, enhancing interoperability and enabling workforcemobility within the EU. It provides a common framework based on learning outcomes—what a worker knows, understands, and can do—allowing EU countries to map their na-tional qualification frameworks to the EQF. This creates a comprehensive qualificationsmap accessible through databases. The EQF categorizes qualifications into 8 levels, frombasic (level 1) to advanced (level 8), with all EUmember states aligning their qualificationsaccordingly, such as placing a "PhD degree" at level 8, despite varied national terminolo-gies. Descriptors within the EQF, including Knowledge, Skills, Responsibility, and Auton-omy, guide the alignment of national qualifications with the EQF [23]. Besides EUmemberstates, 11 additional countries are implementing the EQF, with the latest revision by theEuropean Commission made in 2017.ESCO, a European Commission initiative, categorizes skills, competences, and occupa-tions across 27 EU languages and serves as an extension to ISCO. It facilitates understand-ing the relationship between skills, knowledge, and specific occupations and comprisesof three main components: qualifications, occupations, and skills/competences [24]. Itsqualifications component aligns with the European Qualifications Framework (EQF), link-ing to national qualifications databases. The occupation component ties its first four levelsto ISCO-08’s occupational hierarchy, with ESCO-specific occupations beginning from levelfive. Totaling over 3000 occupations, each ESCO occupation corresponds to an ISCO unitgroup at level four and to skills in ESCO skills/competences pillar. The connection betweenISCO, ESCO and ESCO’s skills are presented in Figure 4. Each ESCO’s occupation is linkedto a (1) textual description of the occupation, (2) set of alternative titles of a particular oc-cupation, (3) essential skills and competences, (4) essential knowledge, (5) optional skillsand competences and (6) optional knowledge.The skills/competences component includes over 14,000 skills, languages, knowledge,attitudes, and values, as outlined in ESCO (v1.1.2), released in 2024. ESCO offers a technicalservice platform and data resources, freely available for download.
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2.2 Job and Training Recommendation Systems
In Publication V wemapped the current state of the art job and training recommendationsystems. The evolution of job recommendation systems has been significantly influencedby various approaches and technologies aimed at enhancing the effectiveness and preci-sion of job matching. The concept of a recommendation system was pioneered by [39],who developed Tapestry, an experimental mail system, at the Xerox Palo Alto ResearchCenter. Early foundational work in recommender systems by [75] introduced the potentialof recommender systems across different domains, setting a stage for the developmentof specialized job recommendation systems.Vectorization models use mathematical representations of job and candidate profilesto facilitate job matching. This approach is used for transforming qualitative attributesinto quantifiable data that can be easily processed and compared [76]. Similarly, the useof embeddings, which leverages word embeddings and graph databases, effectively cap-tures the semantic relationships between skills and job requirements, providing a nuancedunderstanding that surpasses simple keyword matching [38].The significance of machine learning in refining job recommendation systems is well-documented, with various studies exploring its applications. For instance, a combinedrepresentation learning approach, which utilizes job transition and skill co-occurrencenetworks to recommend jobs and skills [13]. This method showcases the potential of ma-chine learning in capturing complex patterns and relationships within job market data.Another notable application is the development of a hybrid multi-recommender systemfor the dual system of vocational education and training, which combines collaborativefiltering and content-based filtering, which enables the adaptability of machine learningalgorithms to cater to specific user needs and contexts [47]. Furthermore, the explorationof collaborative filtering techniques introduces a framework that incorporates various pre-dictors, such as user and item interactions, highlighting the importance of leveraging col-lective user behavior to enhance recommendation accuracy [72].Big data analytics have also played a crucial role in advancing job recommendationsystems. For example the challenge of handling large volumes of heterogeneous and un-structured job market data is addressed by a proposed new job recommendation frame-work that meets the need for systems capable of effectively processing and analyzing bigdata to deliver accurate and relevant job recommendations [83].Our review of the current scientific literature indicated that research on training rec-ommendation systems and local LMI is notably scarce. Despite the growing interest inharnessing big data for employment and educational opportunities, there remains a sig-
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nificant gap in the dedicated studies that explore how training programs can be effectivelyrecommended based on local market demands. This lack of research limits our under-standing of how to optimally align educational offerings with the immediate and fore-casted needs of local economies. Developing robust recommendation systems that factorin local labor market conditions could greatly enhance the relevance and effectiveness oftraining programs, ultimately contributing to a more dynamic and responsive workforcedevelopment strategy.
2.2.1 Challenges in Recommending Jobs
The literature on job recommendation systems highlights several pressing challenges thatresearchers and developers face. A predominant issue is information overload, where thevolume of job posts and job seeker profiles makes it difficult to find relevant matches [18][38] [83]. This is closely tied to the complexity of accurately matching candidates’ desireswith organizational needs, often leading to missed opportunities for qualified individuals[18]. The problems of data sparsity and the cold start phenomenon, where limited interac-tion data makes it challenging to provide accurate recommendations, further complicatethe situation [83] [13]. Personalization emerges as a critical need, demanding systems thatcan tailor recommendations to individual user preferences, skills, and career aspirations[47] [51]. Addressing temporal and sequential aspects of job applications and career pro-gressions also poses a significant challenge, as does ensuring the quality and relevanceof recommendations to foster user engagement [13] [51]. Moreover, the black-box natureof some AI models raises issues of transparency and trust among users [88]. Scalabil-ity remains a concern, with systems needing to efficiently process large volumes of datawhile maintaining high recommendation quality [83]. These challenges show the needfor careful planning to develop job recommendation systems that are both effective anduser-friendly.
2.2.2 Artificial Intelligence and the EuropeanClassificationof Skills / Competences, Qual-

ifications and Occupations (ESCO)
Recent advancements in AI applied to labor market analytics and job recommendationsystems have leveraged the ESCO classification to tackle challenges like skill extractionfrom job descriptions, job profile requirement generation, and skill classification acrosslanguages. Key developments include:

1. An end-to-end zero-shot system employing large language models (LLMs) for skillextraction from jobposts, significantly improving skills extraction performancewith-out human annotations [7].
2. The introduction of ESCOXLM-R, amultilingual, taxonomy-drivenpre-trainingmodel,achieving state-of-the-art results in job-related tasks acrossmultiple languages, demon-strating the model’s effectiveness in the job market domain [92].
3. Utilization of neural network language models for generating up-to-date lists of jobprofile requirements, aimed at reducing the workload of HR specialists in recruit-ment, showcasing practical applications of AI and ESCO in job market operations[63].
4. Research on negative sampling strategies for skill extraction underlines the chal-lenges and solutions in automating skill extraction from job postings, emphasizingthe role of ESCO in enhancing model performance [15].
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5. Fine-grained classification of skills in Danish job postings through distant supervi-sion and transfer learning highlights the adaptability of AI methods to various lan-guages, with ESCO providing detailed skill classifications [91].
Thereby, although ESCO classification has been available for over a decade, it is only in thelast few years that research leveraging ESCOwithin AI frameworks, such as skill extraction,job recommendation, and multilingual job market analysis, has experienced a significantraise. Such developments in the scientific research demonstrate a growing recognitionof ESCO’s potential. However, the current literature does not identify any research thatspecifically targets the existing conditions within a particular PES service to develop a jobor training recommendation system.
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3 Contributions
3.1 Context (RQ1)

In Chapter 1.1 we formulated the problems associated with the Estonian PES active labormarket service provision. In this chapter, we will present contributions following the re-search process: Context, Requirements and PoC, illustrated on Figure 3.
This section of the contributions focuses on answering RQ1 ("How can the integrationof occupational classification systems into proactive services address challenges in PESservice provision in the EU?"), which was the focus in Publications II, III. In the first partof this subchapter, we address the SQ1 "What are the main challenges to PES provision inthe EU?)" and in the later part we address the SQ2 "How can the European labor marketbenefit from using the occupational classification systems in proactive services?".
Active labor market services are essential in aiding citizens to secure employment ormaintain relevant skills. However, the delivery of these services faces numerous chal-lenges, impacting their efficacy in supporting job seekers and influencing broader eco-nomic outcomes. Our research has identified significant obstacles within the EU PES sec-tor. Key issues include inadequate focus onmarginalized groups who often face the great-est barriers to employment. [80] suggest that investing in a PES’s institutional capacitycan significantly enhance service quality and positively affect young people’s attitudes to-wards employment services. Additionally, a lack of effective evaluation and monitoringsystems has been noted, with the European Social Fund’s monitoring framework beingcriticized for its inability to track and assess the impact on specific target groups effec-tively [30]. Our findings also revealed problems with the integration of PES with othersocial and employment services and a general resistance to change and innovation withinthe sector. This resistance complicates the adoption of necessary reforms to improve ser-vice delivery and effectiveness. The high administrative burden on PESs, coupled withinadequate coordination between PESs, job providers, and job seekers, further compli-cates efficient service provision. The need for comprehensive reform in the European PESsector is evident. Addressing these challenges will require a collaborative effort involvinggovernments, PES providers, job seekers, training providers, educational institutions, andemployers. Implementing innovative approaches and developing robust evaluation andmonitoring systems are crucial steps towards improving service delivery and ensuring thatPESs remain responsive to the dynamic needs of the labormarket [20] [30]. Moreover, theabsence of a unified understanding of current and future job roles and skills adversely af-fects cross-border and regional labor migration, as well as opportunities for upskilling andretraining. Recent advances in artificial intelligence and occupational classifications offerpromising solutions to these issues, providing tools that can enhance the effectiveness ofPESs [69].
The European labor market could greatly benefit from the integration of occupationalclassification systems like ESCO into existing services, enhancing jobmatching and skill de-velopment. Interviews with representatives from the Estonian PES confirmed that ESCOhas been amandatory occupational classification system since August 2021, as referencedin Publication III and in [32]. However, an analysis of the current self-service ’e-töötukassa’revealed that they have not been integrated into existing citizen facing services (see Chap-ter 1.1, Publication I). By integrating occupational classifications to ESCO, the existing ser-vices can be significantly improved. We discussed the nature of proactive services in thecontext of labor market services in Publication III. ESCO’s detailed structure, regularly up-dated to include new and emerging occupations, provides a classification for identifyingand aligning job roles with relevant skills and competences [34]. This alignment is cru-
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cial for the effectiveness of proactive services, which aim to minimize citizen interactionwhile ensuring they receive appropriate support and opportunities. For example, whena citizen’s employment status changes, an AI-enabled service, utilizing ESCO’s classifica-tions, can automatically suggest relevant training programs or job openings that matchtheir skills and previous job experiences. This proactive approach not only simplifies theprocess of finding employment or training but also enhances the precision of matchingjob seekers with suitable opportunities. Furthermore, ESCO’s integration into labor mar-ket e-services could facilitate a better understanding of the qualifications pillar, linkedto the European Qualifications Framework (EQF), thereby enhancing interoperability anddata exchange among EU member states. This integration could support a more efficientpublic service delivery that anticipates the needs of citizens and addresses them withoutrequiring direct action or request from the citizen [33] [34]. To summarize the analysis, wepresent an initial conceptual view of the Virtual Competence Assistant (VCA) as shown inFigure 5 (Publication III). This concept demonstrates how proactivity is integrated into thecommunication flow between individual citizens and the Estonian PES. The implementa-tion utilizes Estonia’s data exchange layer, X-Road, ensuring that all citizen data adheresto the ’once only’ principle. A virtual competence assistant, enhanced by AI and utilizingESCO, represents a concept for PES in the EU. This integration could fundamentally alterhow job seekers interact with PES by proactively addressing their needs.
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Figure 5: Initial concept of the VCA (Publication III)

Based on my publication (Publications I,II,III) findings, the main challenges in PES ser-vice provision can be addressed by taking following actions:
1. Automated jobmatching and skill development: By leveraging the ESCO classifica-tion, a VCA can automatically match citizens with opportunities that align with theirskills and past work experiences. This technology not only simplifies the job-seekingprocess but also enhances the accuracy of matches, making the labor market moreefficient and responsive.
2. Proactive service delivery: Rather thanwaiting for citizens to initiate contact or nav-igate complex e-services, the VCA can proactively offer support and opportunities.For example, upon changes in employment status, the system could immediatelysuggest relevant training programs or employment opportunities, significantly re-ducing the time and effort traditionally required from job seekers.
3. Interoperability and data exchange: Integration with ESCO facilitates a seamlessexchange of information across EUmember states, alignedwith the EuropeanQual-

25



ifications Framework (EQF). This capability supports a standardized approach to rec-ognizing skills and qualifications across borders, promoting greater mobility withinthe labor market.
Integrating occupational classifications like ESCO into proactive AI-enabled services cansignificantly address several challenges faced by PES sector in the EU. By automating rou-tine tasks, these proactive services reduce the administrative burden, thereby boostingservice efficiency. Automation also enhances service accessibility and inclusivity, lower-ing barriers for marginalized groups and those in remote areas by eliminating the needfor physical visits and simplifying processes. Furthermore, services such as VCA can fos-ter lifelong learning and career development by continuously identifying upskilling andreskilling opportunities, aligning workforce development with future market demands.
3.2 Requirements (RQ2)
This section of the contributions focuses on answering RQ2 ("How to implementAI-enabledsolutions in the Estonian PES?"), which was main objective of Publication IV. PES primar-ily serves two types of clients: job seekers and companies or employers (external users)[85]. Thereby, while specifically looking at external user needs in the context of existing e-services of the Estonian PES, we gain essential information about what are the challengesand expectations for building new services, which was the focus of the SQ1. Moreover, asthe Estonian PES has already gained some specific experience in implementing AI tech-nologies (Publication IV), our SQ2 investigates the requirements for implementing AI inPES. While implementing new technologies in PES sector, it is crucial to consider the digi-tal readiness of the PES’s staff and clients’ level of technology access [85]. Understandingthese aspects is crucial before initiating the developments of new AI-enabled services inPES sector.
3.2.1 External User Needs
The analysis of feedback from job seekers and employers regarding the ’e-töötukassa’self-service platform in Estonia revealed expectations and challenges that both alignedand differed from each other. From the job seekers’ perspective, derived from 176 sur-vey responses, the predominant issue was the limited use of the platform, with nearlytwo-thirds having never accessed it. Among those who did, the motivation spanned fromseeking new job opportunities to finding training programs for skill enhancement. How-ever, significant concerns arose with the platform’s limited range of job offerings and userexperience issues, such as difficulty in navigating the platform and outdated information,which influences its effectiveness and limits regular use. Employers, on the other hand,shared concerns about the platform’s functionality but focused more on its inefficiencyin attracting qualified candidates and its complicated job posting process. The feedbackfrom employers emphasized a critical gap in the platform’s ability to facilitate the recruit-ment of skilled personnel, especially in high-demand sectors like IT, where specific skillsand experience are crucial. Employers also criticized the platform’s lack of visibility andpopularity among potential candidates, which additionally points to concerns related touser interface and outdated job posting mechanisms. Despite these distinct points, therewere notable areas of overlap, particularly regarding the platform’s overall usability andthe quality of its informational content. Both groups expressed a desire for improvementsin language options and a more smooth user experience. Such enhancements could elim-inate some of the frustrations related to navigation and accessibility that, at the time ofthe research, influenced both user bases. Table 3 presents the PES self-service needs of
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Table 3: PES self-service needs of external-user groups (Publication IV)
Job seekers Employers

Technological issues Usability concerns, session expirations andlogin inconveniences, demand for a mobileapplication
Excess manual steps, unavailability of ex-perts, poor user experience

Workforce & skills Limited job opportunities, insufficient train-ing opportunities, request for more trainingcourses and workshops
Skills shortages, need for upskilling andreskilling, demographic changes

Collaboration & integra-
tion

Desire for integration with other employ-ment platforms Collaboration with schools and employers,integrating with HR portals
Platform improvement Need for functional enhancement beforeadding new features, improved visualiza-tion, personalized user interface, morerefined search features, display of whoviewed their CVs, addition of salary de-tails in job postings, resources on CV andcover-letter crafting, introduction of an e-newsletter

Career fair representation, competitive de-signs and services, descriptive soft-skillanalysis, extended filtering, guidance andconsultancy including forecasts, personalityevaluations, strong awareness campaigns

Language & translation Language translation issues, call forbroader language accessibility, moreEnglish-language content
Weaknesses in translations

Awareness level Relatively low Relatively low awareness, with some expo-sure to negative publicity.

external-user groups (Publication IV).The introduction of AI technology into public employment services could potentiallybridge these gaps. AI can automate and enhance the accuracy of matching job seekerswith appropriate job vacancies, thereby increasing the platform’s utility and efficiency.Research suggests that AI-driven tools can be instrumental in profiling, targeting, andmatching processes in employment services, thus potentially increasing organizationalefficiency [48]. However, the success of such integration relies robust data management,privacy safeguards, and the inclusion of all stakeholders in the development process toensure that the solutions developed are tailored to the diverse needs of the platform’susers.Nevertheless, while AI presents a potential for innovation within PES, it also intro-duces challenges that must be considered carefully. Issues such as data security, the riskof algorithmic bias, and the potential dehumanization of personal interactions must beaddressed to ensure that digital transformation enhances rather than undermines theplatform’s objectives [85]. According to the International Labour Organization (ILO), effec-tive cybersecurity, skilled staff in technology, and high-level data management are criticalfor the successful digital transformation of public employment services [44]. Thus, whileAI could significantly improve the functionality of the ’e-töötukassa’ self-service, its im-plementation should be approached with a detailed understanding of the specific needsand concerns of both job seekers and employers, ensuring that technology serves as anenabler rather than a disruptor [16] [8].
3.2.2 Internal Requirements for Artificial Intelligence
From the interviews with AI experts experienced with AI implementation in PES sector,several key themes were identified: infrastructure, personnel, data, legal compliance,change management, and funding—each contributing its own layer of complexity to theAI integration process.A core concern highlighted across the interviews was the necessity for upgrading ex-isting infrastructure to support AI capabilities effectively. This includes not only hardwareand software but also comprehensive IT systems, robust data architecture, and securedata exchangemechanisms like Estonia’s X-Road layer and the Estonian PES’s internal data
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warehouse. Such upgrades are vital for enabling sophisticated data analyses essential forAI solutions. Next, the significance of having specialized personnel, particularly in dataanalysis, was repeatedly emphasized. The success of AI in PES hinges on the expertise ofpersonnel who not only understand AI but can also align it with the organization’s cultureand goals. This expertise often goes beyond internal capabilities, requiring to collabo-rate with external specialists who understand well the specific needs of PES. Moreover,legal compliance, especially concerning data privacy and security, presents a notable chal-lenge, as development often surpasses legal frameworks. For instance, compliance toGDPR within the Estonain PES involves obtaining client consent for data analysis and en-suring data is anonymized when used, which could impact the accuracy and functionalityof AI tools. In addition, change management is another critical aspect, encompassing themanagement of stakeholder acceptance, trust in AI solutions, and organizational prepa-ration for AI-driven transformations. Notably, the interviews confirmed that engagementof end users, particularly career counselors who are primary users of AI services in PES,in the early stages of implementation is crucial for successful adoption and utility of AItechnologies. Lastly, funding for AI initiatives in the public sector is uniquely challengingdue to the nature of public financing. The interviews suggest that a self-administered,long-term budget could be more effective than the fixed-term financing common in pub-lic organizations, emphasizing the need for secure and adequate funding to support thetransition to AI-enabled services effectively.

Table 4: Internal AI-implementation requirements (Publication IV)
Theme Requirements
Infrastructure – Upgrade the existing infrastructure to support AI integration.
Personnel – Engage experienced specialists, particularly in data analysis, for AI implementation.– Consider partnering with an external organization for specialist resources while ensuringthat the organization understands PES culture, goals, and processes.
Data – Ensure availability of sufficient quantities of high-quality data for AI training and imple-mentation.– Address challenges related to limited sample sizes due to the country’s small population.
Legal compliance – Safeguard data privacy and compliance with GDPR and other relevant laws, especiallywhen partnering with external entities.– Develop strategies to prevent potential AI-enabled discrimination due to low-quality orbiased data.– Consider legal frameworks before initiating the development and deployment of AI solu-tions.– Make sure the activities of the Estonian PES are in accordance with laws such as the Un-employment Insurance Act and the Labor Market Services and Benefits Act.
Change management – Manage acceptance of AI among stakeholders.– Foster trust in AI solutions among development partners and end users.– Prepare the organization for the AI-induced transformation, including potential changesin work roles and tasks.
Funding – Secure adequate funding for the implementation of AI, keeping in mind the unique chal-lenges of financing in the public sector.

Integrating these practical insightswith existing research, it is evident that AI can trans-form PES by improving service delivery and operational efficiency. However, successful in-tegration requires addressing several key factors, such as robust datamanagement, skilledtechnological staff, effective cybersecurity, and comprehensive stakeholder involvement[44] [48] [85] [16] [8]. These elements are crucial not only for the functional deployment ofAI but also for ensuring that these technologies are used ethically and effectively, enhanc-ing rather than undermining the objectives of PESs. Thus, while AI presents significantopportunities for enhancing PES platforms, careful consideration of infrastructure, legal,personnel, and financial aspects is essential to harness its full potential.
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Figure 6: Pyramid of iterative requirements for building AI-enabled PES services (Publication IV)

3.2.3 Integrating Artificial Intelligence in Public Employment Services
The analysis of data gathered from job seekers, employers, and AI experts regarding exist-ing self-service and AI-enabled services in PES reveals a complex set of requirements andchallenges that underline the necessity for a nuanced integration of technology withinlabor markets. This understanding aligns with the socio-technical systems theory, whichadvocates for the integration of technological and social systems to optimize the overallfunctionality and responsiveness of organizations [36] [84].

Job seekers and employers present various external needs, emphasizing limitationsin job opportunities, usability concerns, and informational quality on the PES platform.Both groups call for enhanced platform features, broader language accessibility, andmoreextensive training opportunities, highlighting these as areas where AI could significantlyenhance service delivery. This intersection of needs suggests that improvements in theseareas could serve to elevate the overall efficacy and user satisfaction of the PES services.Additionally, career counselors, who emerged as pivotal stakeholders during the inter-views with AI experts, frequently interface with both job seekers and the PES services.Their daily experiences with the services uniquely position them to provide invaluable in-sights into the user challenges and requirements. Their role extends beyond users to thatof vital change agents who can bridge the technological innovations with user experience,enhancing trust and acceptance among all stakeholders. The AI experts have identifiedseveral critical internal needs necessary for the successful integration of AI within PES.These include the upgrading of existing infrastructure, engagement of skilled personnelin data analysis, ensuring the availability of high-quality data, safeguarding data privacy,adherence to legal frameworks, managing organizational change, and securing adequatefunding. These recommendations are rooted in the dual labor market theory and socio-technical systems theory, emphasizing that addressing these internal aspects is crucial notonly for technological efficiency but also for maintaining the social integrity of the labormarket [1] [79]. The feedback loop presented in the study’s findings (Figure 6) encapsu-lates the dynamic process of continuous refinement of PES services, driven by stakeholderfeedback. This model emphasizes that AI-enabled services should be developed as an on-going, iterative process where requirements from both external and internal user groupsare constantly evaluated and refined. The technological decision-making process, illus-trated as an arrow in the pyramid, shows how requirements gathered from job seekersand employers are contextualized and filtered by AI experts to ensure that they align withtechnological capabilities and strategic goals. This holistic approach is not just about im-
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plementing new technologies but about creating a more integrated and responsive system that considers the full spectrum of user needs and system capabilities. It emphasizes the importance of interdisciplinary collaboration and participative approaches in developing AI solutions that are technologically advanced and aligned with the practical realities of the labor market, particularly those faced by individuals in the secondary sector, who may be most vulnerable to disruptions and transitions within the labor market [19] [74]. Next we will present our approach after conducting experiment in a controlled environment (Publication VI) which was based on a review made on state of the art models in job rec-ommendation systems (Chapter 2.2, Publication V).
3.3 Approach for Developing Job Matching Proof of Concept (RQ3)
This section of the contributions summarizes the practical research conducted to develop our approach for job recommendations by specifically addressing the unique constraints and requirements of the PES in Estonia, aiming to establish a robust baseline for future enhancements and implementations. In order to answer RQ3 ("How to create a PoC for recommending jobs to citizens based on ESCO?"), first we explored what type of mod-els from the existing literature could be usable in Chapter 2.2 (SQ1). However, since the existing models in the literature on job and training recommendation systems were not specifically usable for the Estonian language, it was also necessary to investigate models tailored to the Estonian context for more accurate and relevant application.
3.3.1 Models used in Estonian context
EstNLTK [49] is a NLP library designed specifically for the Estonian language. It offers a comprehensive set of tools and resources for analyzing Estonian text, including tasks such as tokenization, part-of-speech tagging, morphological analysis, named entity recognition, sentiment analysis, and syntactic parsing. EstNLTK is intended to assist researchers, developers, and language enthusiasts in working with Estonian text data, providing robust and efficient NLP capabilities. Its specialization in the Estonian language makes it an essential resource for projects and applications that require linguistic analysis and understanding within the Estonian context.

EstBERT [82] is a specialized variant of the BERT (Bidirectional Encoder Representa-tions from Transformers) model, adapted and fine-tuned specifically for the Estonian lan-guage. BERT, developed by Google, is a powerful transformer-based model known for its ability to capture contextual information in text data, making it highly effective for various NLP tasks. EstBERT extends this capability by being trained on large Estonian text corpora and fine-tuned on specific Estonian language datasets. This enables EstBERT to generate accurate representations and effectively understand Estonian text, making it particularly valuable for tasks such as text classification, named entity recognition, sentiment analysis, and other NLP applications in the Estonian language domain.
SpaCy [42] is an open-source NLP library designed to be fast, efficient, and production-ready. It is widely used for a variety of NLP tasks, including tokenization, part-of-speech tagging, named entity recognition, dependency parsing, and more. Developed primarily in Python and Cython, SpaCy offers a streamlined API and pre-trained models for numerous languages, making it suitable for both research and industrial applications. However, one limitation of SpaCy has been its lack of robust support for the Estonian language, with only basic language data available and no comprehensive packages for Estonian NLP tasks, which was a drawback for this research. Fortunately, a pipeline called EstSpaCy1 has been
1https://github.com/EstSyntax/EstSpaCy
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developed and made publicly available on GitHub to address this gap. EstSpaCy providesSpaCy pipelines specifically for the Estonian language, trained on the Estonian (UniversalDependencies) UD v2.5 treebank using Python 3.6, SpaCy 3.0, and PyTorch 1.7.1. Thesepipelines adhere to UD tagsets for part-of-speech, morphology, and syntactic relations,making them a valuable resource for Estonian NLP tasks within the scope of this research.
prodi.gy [73] is a versatile annotation tool specifically designed to streamline the datalabeling process inML projects, particularly within the field of NLP. prodi.gy provides an in-tuitive and efficient platform for annotating various types of data, including text, images,and more, enabling researchers to create high-quality labeled datasets that are crucialfor training and evaluating machine learning models. prodi.gy enhances the annotationworkflow by offering a user-friendly interface that allows users to annotate data quicklyand accurately. It features customizable annotation schemes and workflows, enabling re-searchers to tailor the labeling process to meet their specific research goals and datasetrequirements. For instance, in an NLP project, prodi.gy can be employed to annotate textdata for tasks such as text classification, named entity recognition, sentiment analysis,and more. A standout feature of prodi.gy is its active learning capabilities, which utilizemachine learning algorithms to prioritize the annotation of data points that aremost infor-mative or uncertain, thereby improving model performance. This approach ensures thatresearchers focus their annotation efforts on the most valuable data points. Additionally,prodi.gy supports seamless integration with popular machine learning frameworks andlibraries like spaCy, scikit-learn, and TensorFlow, allowing researchers to directly incorpo-rate annotated data into their model training pipelines. In this context, prodi.gy was usedto create a pattern based on the outputs of a referenced Python script, demonstrating itsflexibility and effectiveness in complex machine learning workflows.

3.3.2 Model-building process
In order to answer RQ3 we next considered the models from existing literature (Chapter2.2) and those used in the Estonian language context (Chapter 3.3.1) to conduct testingin controlled environment. This allowed us to evaluate multiple models and identify themost suitable approach for the Estonian language andPES context (SQ2). Nextwedescribethe model-building process summarized in Table 5 and illustrated on Figure 7.
Step Skills from Job Posts Occupations from CVsData collection Estonian PES’s JP API and ESCO portal; retainedrelevant information from job postings for modeltraining.

Scientific occupations from ESCO portal and CVdata from Estonian university websites for testingthe final model.Data Cleaning Removed irrelevant columns, concatenated jobtitles and descriptions, removed unnecessarywhitespaces, commas, and non-Estonian texts.
Transformed occupation labels into tagged docu-ments using Gensim, removed stop words, andomitted words with fewer than three characters.Processing JPs underwent tokenization and morphologicalanalysis with NLP library EstNLTK for Estonian lan-guage to explore linguistic structures and extractrelevant skills.

Converting texts into vectors using a Doc2Vecmodel to identify occupations by comparing textsimilarities.
Modeldevelopment Using EstSpaCy and the et_dep_ud_xlmrobertafrom the xlm-roberta-base transformers library,focusing on Named Entity Recognition (NER).prodi.gy tool was used to train the model, improv-ing skill identifications.

With Gensim and Doc2Vec, employing a PV-DBOWalgorithm for training. Used ’altlabels’ for trainingand ’preferredLabel’ for testing.

Table 5: Summary of steps in creating models for skill extraction from JPs and CVs (Publication VI)

The EstNLTK library was utilized for morphological analysis to investigate the linguisticstructure of job postings. This was fundamental while performing the named entity recog-nition (NER) and morphological analysis, which were considered crucial processing stepsfor skill identification. Additionally, a study by [91], which focused on extracting skills from
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Figure 7: Job matching PoC approach for development of VCA (Publication VI)

JPs both in Danish and English, provided an example on an approach that was adapted toanalyze job postings and extract preliminary skills. These researches helped in applyingsimilar logic to extract relevant skills from JPs effectively. Additionally, an annotation toolprodi.gy played a significant role in training the model. This tool facilitated to raise the ef-ficiency of input data annotation with active learningmechanisms, enhancing themodel’saccuracy. Moreover, the final model for skills identification from JPs were built using theEstSpaCy model and the et_dep_ud_xlmroberta based on the ’xlm-roberta-base trans-formers library’, which provided robust platforms for developing the model [62] [9]. Inpreparing the data for constructing the model to identify occupations from CVs, the ini-tial step was to convert texts into tagged documents. This process involved transformingthe text into a set of words. Following that, common words and linking words were re-moved as stop words. Additionally, words with a length of two or fewer characters wereremoved. Each document required a unique tag, and for this purpose the index numberof the document in the dataset was utilized as the tag. In the decision process of whichML technique to use we explored multiple options and existing models. However, consid-ering their undeveloped capabilities in Estonian language and low reliability in providingadequate relations between input data and ESCO entities especially in Estonian language,we decided to use Gensim as a preliminary model to be used [87]. Gensim is an open-source Python library designed for natural language processing and topic modeling whichis particularly well-suited for tasks involving large text corpora, document similarity anal-ysis, and unsupervised machine learning applications [87]. The Gensim library offered theflexibility to incorporate other tags into the document. Moreover, to build themodel withsuitable training method for our PoC, we followed a similar approach to another researchinvolving the assessment of commodity codes using harmonized systems’ code classifica-tion [90] which is similar to ESCO and utilizes Doc2Vec model [81]. In our scenario, theESCO code corresponding to the item description served as the second tag. During train-ing, the distributed bag of words (PV-DBOW) was employed as the training algorithm, and
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the number of iterations (epochs) over the corpuswas set to 40. The Doc2Vecmodel facil-itated the discovery of the most similar documents to the original text [22]. We used ‘alt-labels’ data for training and ’prefferdLabel’ from the ESCO’s dataset for testing the model.Subsequently, the closest texts were determined by assessing cosine vector similaritiesbetween the vector representation of the original text and other texts within the vocab-ulary.We established an initial foundation for developing VCA in the context of Estonian PES,leveraging the mandatory classification ESCO. We described the approaches used to con-struct two distinct models: one for translating CV text into ESCO occupations, and anotherfor extracting skills from job postings (JPs). However, challenges persist with the qualityof text in job postings, which often lacks detailed descriptions of tasks and requirements,necessitating extensive manual data annotation—a resource-intensive process. Figure 7describes our PoC approach for a VCA that can recommend jobs effectively, using out-puts like specific ESCO concept URIs and occupational codes. We acknowledge the needfor further research into specific matching techniques between these outputs, a topicnot covered within the current scope of the study (represented by dotted lines in Figure7). Moreover, as we mainly dealt with the models and data quality (conductig testing incontrolled environment) in the Estonian context, we did not go into the specifics of howthe citizens would actually receive these recommendations. We acknowledge that thisis a critical aspect that should be researched on a wider scale within a country-specificsetting, rather than being limited to a single sector such as PES. We claim that when vir-tual assistant such as VCA-s start emerging, they have the potential to be integrated tointo a broader network of AI-enabled citizen-centered services. In Estonian case one op-tion would be integrating the VCA into the interoperable network of chatbots called theBürokratt 2.

2https://www.kratid.ee/en/burokratt
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4 Discussion
4.1 Generalizability
A key factor in the success of a labor market is the ability to efficiently match job seek-ers with JPs [5]. The thesis identified deficiency in the field by analyzing current state ofself-service called ’e-töötukassa’ provided by the Estonian PES. Although we did not findsimilar issues in related academic research, we validated the findings with the expertsof Estonian PES and compared the outcome with different reports from OECD and EUto make sure these issues found in Estonian PES were representative for the whole EU’sPES sector. Nevertheless, even though we validated the issues with multiple sources, thequestion of generalizability of the further research can be questioned—can the results ofthis research be applied in other countries? Firstly, to make sure our results are applica-ble to other EU PES, we analyzed the challenges of active labor market service provisionin the EU and created an initial concept of VCA which can be scaled to other memberstates when the data exchange layer X-road is replaced with similar, nation-specific solu-tion. Secondly, in further research targeting the requirements of AI-enabled PES servicesand the developments of PoC, we considered the context of ESCO as a main classificationfor occupations and skills, regardless that at the time Estonian Qualifications Authoritywas developing its own national skills classification tool [70]. Although, the initial conceptfor VCA considers the mapping of national skills to ESCO skills, based on the interviewswith the representatives of Estonian Qualifications Authority, the mapping activity in Es-tonia was not conducted nor were the Estonian skills classification linked to the servicesof Estonian PES. Thereby, our approach on the PoC development directly uses ESCO datafor training, which can easily be applied similarly in another country. The generalizabilityof the research may be somewhat limited as we used ESTNLTK, a toolkit for processingEstonian language and a NLP tool EstSpaCy, for model development which extracted skillsfrom JPs. Both of these tools are also available in other languages and can still be appliedin other EU languages. Finally, pursuing the overall research in the context of Estonia givesa good basis for transferable results because, for example, its recent second-place rankingin Europe for digital governance in the "eGovernment Benchmark" study [27] shows thatthe maturity to start implementing AI is most likely higher than in many other countries.Thereby, having overcome many of the basic obstacles such as data digitization and ex-change between public sector organizations, the research provides valuable and practicalinsights for all levels of participants involved in designing and implementing AI-enabledservices facing citizens in the EU’s PES sector.
4.2 Novelty
While the ESCO classification system has been established for over a decade, its integra-tion into AI-enabled service research frameworks, such as skill extraction [7] [63] [15] andmultilingual jobmarket analysis [92] [91], has only surged in recent years. This growing uti-lization emphasizes an increasing recognition of ESCO’s potential in scientific endeavors.Notably, despite its expanded application, there remains a significant gap in the literature:no existing studies have specifically explored the unique conditions within individual PESto develop customized job or training recommendation systems. Our research directly ad-dresses this oversight by focusing on the specific conditions of a particular PES, aiming toharness ESCO’s full capabilities to enhance job matching and skill development. This ap-proach contributes to the precision of aligning job seekers with appropriate opportunitiesand promotes interoperability across EU member states, thereby pioneering a targetedapplication of ESCO in the domain of PES. Moreover, the research proposes an initial con-
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cept of VCA demonstrating how the EU’s labor market can benefit significantly from usingESCO. This concept demonstrates how proactivity is integrated into the communicationflow between a citizens and the Estonian PES.
4.3 Significance
The thesis uses existing theories of dual labor market and socio-technical systems to con-duct research in the specific context of PES to propose an approach of requirements collec-tion in the sector. In the existing literature, while some researchers have explored aspectsof PES e-services [12] [78] [50], from a theoretical perspective there remained a notablegap in robust methodological approaches that focus on defining the requirements for ser-vices offered by PES. In Publication IV we created a mixed-methods research design forempirical investigation specifically for the collection of requirements from external user-groups and internal experts of PES (see Requirements on Figure 3). The significance ofthe thesis lies in the development of a pyramid of iterative requirements for building AI-enabled services (Figure 6) that advocates for an ongoing, iterative process tailored toboth internal and external user needs. This approach prioritizes continuous evaluationand refinement of user requirements, ensuring they are contextually aligned with tech-nological capabilities and strategic objectives. It emphasizes the importance of a holisticservice design that integrates and responds comprehensively to a wide range of user de-mands and service possibilities. The model stresses the critical role of interdisciplinarycollaboration and participative methods in developing AI solutions that are technologi-cally sophisticated while addressing to the practical challenges of the labor market.
4.4 Limitations
It is essential to recognize some limitations thatmight influence the scope and applicabilityof our research findings. While we investigated the main challenges and barriers of activelabor market service provision across the EU, specifically gathering quantitative data fromItaly, Germany, Estonia, Latvia, Finland, and Norway, the insights derived for the require-ments are primarily reflective of the Estonian environment, concentrating specifically onexternal users and internal experts of the PES in Estonia. Consequently, these findings donot fully represent the diverse conditions and contexts across other EU regions.

Additionally, due to language barriers, the research concentrating the job seekers inEstonia predominantly involved participants who were proficient in Estonian or English,which may limit the diversity of perspectives captured, particularly from Russian speak-ing backgrounds within Estonia. This focus might have resulted in a narrower view, po-tentially overlooking nuanced challenges faced by those from different socio-economicbackgrounds within the country.
Moreover, it is important to consider some inherent limitations in the methodologicalapproach of our research, which focused on the development of a PoC using limited MLand NLP methods based on the ESCO classification to gather initial results. While theseresults were promising, they only provide preliminary insights from the narrow field ofscientific occupations of ESCO classification and national JPs collected in Estonia between2021 until 2023, emphasizing the need for including a broader scope of languages, oc-cupations and a more detailed comparison of various ML and NLP methods to enhanceaccuracy and robustness. Importantly, due to the linguistic diversity within the EU, anapproach that yields excellent results in one language may not perform equally well inanother. This variability can significantly impact the generalizability of our findings acrossdifferent linguistic contexts. Therefore, for a more comprehensive evaluation of the po-
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tential of AI-enabled services in the EU PES sector, it is recommended that future researchinvolves collecting diverse datasets fromvarious countries and experimentingwith a rangeof ML techniques. Such studies would help in identifying the most effective methods thatare adaptable to the linguistic and cultural nuances present across the EU. Further studiesare encouraged to explore these aspects in varied EU settings to enhance the generaliz-ability of the proposed AI-enabled service frameworks within the PES sector.
4.5 Ethical Considerations

Building AI-enabled solutions in the labor market necessitates careful consideration ofethical and privacy concerns, particularly when deploying these technologies in the PESsector. In Chapter 3.2 such concerns were shared among AI experts. AI-enabled servicedevelopment poses significant ethical challenges, such as issues related to data protec-tion and privacy, transparency and explainability of AI processes, potential biases and dis-crimination, and concerns regarding automated decision-making and accountability [66].Thereby it is crucial to acknowledge the risks involved in implementing AI technologiesinto PES services. [85] discuss the substantial ethical and privacy challenges related to in-tegrating digital technologies within PES, such as data protection, transparency, potentialbiases, and accountability in automated decision-making. In the labormarket context, theethical deployment of AI revolves around ensuring fairness and avoiding discrimination.AI services, influenced by their training data, can inadvertently reinforce existing biases,leading to discriminatory outcomes against certain groups [44]. This is particularly crucialin the labor market where AI-driven decisions can significantly affect citizens’ economicopportunities. Ethical considerations must also address potential misuse of AI technolo-gies, such as exploiting personal data without proper consent or for unintended purposes[85]. Similarly, privacy is crucial when AI systems handle sensitive personal data relatedto employment (see Chapter 3.2). Job seekers and employees expect their personal in-formation, from contact details to employment history, to be handled securely and usedappropriately. Ensuring data is collected, stored, and processed with robust security mea-sures and in compliance with privacy regulations (like GDPR) is essential. Additionally,citizens should have control over their data, including the ability to understand, correct,or withdraw it. Transparency in AI involves clear communication about the operations ofAI systems, the decisions they make, and the rationale behind these decisions [44]. In thelabor market, this means that both job seekers and employers should understand how AItools match candidates with jobs or predict job suitability. There should be accountabilitymechanisms to address any issues that arise, such as incorrect jobmatches or breaches ofdata privacy. Finally, trust in AI systems is closely tied to transparency and accountability.Trust is built when users feel confident that AI systems are working in their best interest,are fair, and do notmisuse their data [44]. For AI in labor markets, building this trust is keyto encouraging user engagement and acceptance. Efforts to mitigate these risks includedeveloping measurable indicators for experts working in PES and maintaining traditionalservice mechanisms to support non-digital users, ensuring inclusivity and access to digitalbenefits.
4.6 Future Research

As stated in Chapter 1.2, the practical scope of our research was intentionally limited tothe VCA’s first component: matching citizens’ skills with jobs. This decision was drivenby the well-developed state of job recommendation systems in scientific research, whichprovided a robust foundation for the PES sector to experiment with the initial iteration
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of the VCA. In contrast, the fields of training recommendation systems and LMI, whilepromising, currently lack the necessary research depth and data accessibility to supportimmediate experimentation on a regional scale.Future research should address the significant gap in training recommendation sys-tems. Advanced ML and NLP techniques need to be investigated to recommend relevanttraining programs based on individual skill profiles and job requirements. Investigatinghow to integrate real-time data from various training providers will ensure that recom-mendations are current and tailored to the evolving job market needs. Future researchshould aim for stable and secure data access methods, possibly through more open col-laboration with specific PES. This will ensure that vital information remains available foranalysis and can be integrated into the VCA. Collaborating with PES and other stakehold-ers on the labor market to develop standardized data-sharing agreements could facilitatemore consistent access to essential datasets.While there have been successful trials globally, LMI requires localized, tailored advice,which today is often conducted manually. Future research should develop automatedmethods for generating and updating local LMI. Investigating the potential of real-timeLMI and the integration with the VCA will provide ongoing, dynamic insights into local jobmarket trends and demands.Implementing the European Classification of Skills/Competences, Qualifications, andOccupations (ESCO) as the foundational classification system for the VCA is a significantstep forward. However, the translations on the EU member state level need more effortto be usable for language-specific model training. Thereby, evaluating the effectivenessof ESCO in different contexts and refining its application to better suit the diverse needsof various EU member states will also be crucial.We hope that future iterations of the VCA will be developed and tested in a continu-ous, iterative process, incorporating feedback from external user groups and stakehold-ers to ensure that the final citizen-facing service will be responsive to citizens’ needs andevolving job market conditions. Additionally, future research should address how citizenscan access these assistants, with one potential option being the integration of conver-sational AI to enhance accessibility and user experience. By addressing these areas infuture research, we can build on the foundational work of matching skills with jobs andprogressively expand the VCA’s capabilities. This approach will ultimately lead to a moreintegrated and responsive labor market service that matches citizens with suitable jobs,guides them through relevant training opportunities and provides up-to-date LMI tailoredto their local context.
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5 Conclusion
The EU’s labor market is currently facing significant challenges that threaten the achieve-ment of future employment and skills development goals. These challenges include un-certainties created by rapid technological advancements in automation, various economic and social crises, and a lack of innovation in the active labor market services provided by PES. Addressing skill shortages with modern, proactive services has become increasingly critical [67] [3]. This thesis highlighted and validated two key issues in today’s PES service provision while also analyzing the broader challenges in the current active labor market landscape.

To address these challenges and issues, first it was established that integrating the ESCO classification into existing services could significantly enhance job matching and skill development across the EU. The research led to the development of an initial concept for a VCA, designed with flexibility to incorporate national classification systems mapped to ESCO. The concept emphasizes the importance of proactivity, demonstrated through the example of Estonia’s X-road data exchange layer, which already enables access to infor-mation regarding citizens’ employment and educational activities. Secondly, the thesis integrated theories of dual labor markets and socio-technical systems to address a sig-nificant gap in the existing literature concerning PES e-services by developing a robust methodological approach for requirements collection. It proposed a model for AI-enabled services that enhances PES by instituting an ongoing, iterative process tailored to user needs, ensuring continuous alignment with technological capabilities and strategic goals. This model supports holistic service design that responds to diverse user demands and emphasizes the importance of interdisciplinary collaboration in creating sophisticated AI solutions that meet practical labor market challenges. Finally, this thesis established initial steps needed for developing a VCA for the Estonian PES, utilizing the ESCO classification. It explored the construction of two models: one converting CV text to ESCO occupations and another extracting skills from job postings, both focussing on achieving high similarity scores with occupations and skills documented in ESCO classification, despite challenges remain due to the often inadequate job descriptions requiring extensive manual annota-tion. The PoC for the VCA indicates effective job recommendation using ESCO URIs and codes, highlighting areas for future research in specific matching techniques, which were beyond the scope of this study.
Overall, contributions of this research highlight the potential of integrating AI and oc-cupational classification systems into PES, which could revolutionize how citizens inter-act with these services by proactively addressing their needs while providing personal-ized service delivery. The study emphasizes the importance of a comprehensive approach that involves all stakeholders to ensure that AI solutions are effectively tailored and im-plemented, leading to more responsive and efficient PES services across the EU. As a final piece of this thesis, we present policy recommendations that have emerged from this in-vestigation.

5.1 Policy Recommendations

Enhance data accessibility: Establish regulations and mechanisms that ensure consistent and secure access to necessary data across the public sector. More specifically define roles that within public organizations deal with data quality improvements (such as data managers and data analytics) ensuring that relevant data is anonymized, annotated and constantly accessible. Integrating such roles can foster dedicated actions ensuring that data can be accessed in real-time (such as active JPs, training events and anonymized CV
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data), thus supporting the continuous improvement and relevance of personalized rec-ommendation systems and LMI.
Strengthen research in sparse areas: Promote academic, public and private-sectorpartnerships focused on developing proactive and personalized citizen-centered services.Government funding should be directed towards projects that aim to create a solid exper-imental foundation for developing next generation services.
Promote experimental sandboxes: Foster a regulatory sandbox environment wherenew technologies can be tested without the immediate constraints of existing legislation.This would allow for more innovative approaches to be experimented within the publicsector, reducing resistance and increasing appetite for experimentation.
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Abstract
Enhancing Public Employment Services with AI-enabled Virtual
Competence Assistant
This dissertation explores the integration of the European Classification of Skills/Competences, Qualifications, and Occupations (ESCO) within the Public Employment Services (PES) in Estonia, aiming to enhance job matching processes through the development of a Virtual Competence Assistant (VCA).

First, it explores the pressing issues faced by Public Employment Services (PES) in the evolving labor market, focusing on the inefficiencies of the Estonian PES’s e-services. Two main problems are highlighted: the first is the lack of efficient matching process in the e-service that can effectively align citizens’ CVs with appropriate job and training opportu-nities, forcing individuals to manually go through extensive listings, thus leading to missed opportunities and market inefficiencies. The second issue concerns the insufficient inte-gration of skills and qualifications in the matching process, which hampers the accurate pairing of job seekers with suitable job posts and training programs. These deficiencies illustrate the urgent need for intelligent solutions to address the challenges of modern labor market and bridge the widening skills gap, thereby enhancing the functionality and impact of PES in adapting to rapid economic changes.
Second, this research identifies significant obstacles within the EU’s PES sector, high-lighting inadequate focus on marginalized groups, ineffective evaluation systems, resis-tance to change, and high administrative burdens that undermine the efficacy of services aimed at supporting job seekers and influencing broader economic outcomes. Thereby, this research introduces a novel approach by applying the established ESCO classification system specifically within the context of PESs, a focus not previously explored in academic studies. While ESCO has been utilized for skill extraction and job market analysis, this work suggests developing customized job and training recommendation systems tailored to the conditions of a PES, maximizing ESCO’s capabilities to enhance job matching efficiency and foster interoperability among EU member states. Based on this, the research introduces the initial concept of VCA, which could revolutionize the interaction between citizens and PESs by embedding proactivity into their communication flows. Filling the literature gap, this approach could significantly enhance how PESs leverage technology to align job seek-ers with suitable opportunities and adapt to labor market changes.
Third, this research utilizes theories of dual labor markets and socio-technical systems to design a mixed-methods framework for the empirical investigation of requirements from both internal experts and external user groups of the PES. The analysis reveals a com-plex set of requirements and challenges that necessitate a nuanced integration of technol-ogy within labor markets. This integration aligns with the socio-technical systems theory, emphasizing the need for a collaborative approach to optimize organizational functional-ity and responsiveness. Job seekers and employers highlight key external needs such as improved job opportunities, platform usability, and information quality. These areas are identified as potential benefits from AI enhancements, which could significantly improve PES service delivery and user satisfaction. Meanwhile, career counselors emerge as criti-cal stakeholders, offering unique insights that bridge user experiences with technological advancements, enhancing stakeholder trust and acceptance. Internal needs identified by AI experts—such as infrastructure upgrades, skilled personnel engagement, high-quality data availability, privacy safeguards, legal compliance, change management, and suffi-cient funding—emphasizes the importance of addressing both technological efficiency and the social integrity of labor markets. This holistic approach supports an iterative pro-
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cess where ongoing feedback refines AI services, ensuring alignment with both techno-logical capabilities and the practical realities of the labor market, thereby fostering moreintegrated and responsive service development.Finally, this study involves describing approaches for constructing two models essen-tial for recommending jobs: first for identifying matches between CV text and ESCO oc-cupations and second for extracting skills from JPs. The testing was done in a controlledenvironment considering the context of PES and gave initial confirmation for further de-velopment. Thesemodels leveragemachine learning techniques to illustrate the potentialin aligning job seekers with appropriate job opportunities based on ESCO’s detailed occu-pational classifications. However, the research identifies significant challenges, primarilydue to the often generic and under-detailed job descriptions that require extensive man-ual data annotation. Thereby, our proof of concept is describing approaches includingdata annotation that could improve the data quality in a PES thereby enabling to buildAI-enabled service such VCA for recommending jobs.
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Kokkuvõte
Avalike tööturuteenuste parendamine tehisintellektil põhine-
va virtuaalse kompetentsiassistendiga
Antud väitekiri uurib, kuidas tehisintellekt saab parendada avalikke tööturuteenuseid, etlahendada tööturuga seotud probleeme, mis on põhjustatud kiiretest tehnoloogilistestmuutustest ja välistest teguritest, nagu COVID-19 pandeemia ja geopoliitilised konfliktid.Traditsiooniliste oskuste hääbumine ja uute oskuste järele nõudluse kasv on pannud Eu-roopat seadma ambitsioonikad eesmärgid, et tagada oskustööjõu jätkusuutlikkuse ja ko-haneda muutuvate oludega. Lisaks nõuavad tööjõupuudus ja demograafilised muutused,nagu vananev tööjõud, efektiivsemaid tööturuteenuseid, eriti arvestades alaesindatudsihtgruppide vajadusi. Seega keskendub väitekiri tehisintellektil põhinevatele lahendus-tele, et parandada avalikke tööturu teenuseid, uurides detailsemalt praegust olukordaEesti Töötukassas kui ühte paljudest Euroopa Liidu tööturu teenuse pakkujatest. Analüüsikäigus tuuakse esile kaks tänapäeva tööturuteenuste kriitilist puudujääki: esiteks puudubintelligentne vastavuse leidmine kodanike CV-de ja töökuulutuste vahel; teiseks puudubsobitamise protsess, mille käigus võetaks arvesse kodanike oskusi. Seega peavad tänasedtööotsijad töökuulutusi käsitsi läbi vaatama, kuna puuduvad kaasaegsed lahendused, misaitaksid oskuste põhjal leida sobivaid töö- või koolitusvõimalusi. See põhjustab ebatõhu-sust nii tööotsijate kui ka tööandjate jaoks. Nende probleemide lahendamiseks tehakseväitekirjas ettepanek arendada Virtuaalne Kompetentsiassistent - tehisintellekti toega as-sistent, mis parendab töövõimaluste ja oskuste sobitamist kohaliku tööturu olukorda ar-vestades. Virtuaalne Kompetentsiassistendi esialgne skoop antud väitekirjas keskendubkodanike oskuste ja töövõimaluste vastavusse viimisele, kuna töösoovitussüsteemid onolemasolevates teadusuuringutes esinduslikult uuritud võrreldes vähem tähelepanu saa-nud koolituste soovitussüsteemide ja kohaliku tööturu analüüsisüsteemidega. Oluline as-pekt uurimuses on Euroopa oskuste, pädevuste, kvalifikatsioonide ja ametite klassifikat-siooni (ESCO) integreerimine tehisintellektitoega teenustesse, et sobitada tööotsijaid töö-võimalustega. Väitekiri rõhutab tehisintellekti tööriistade pideva ja iteratiivse arendamiseolulisust tööturuteenustes, keskendudes kasutajate tagasisidele ja eetilisuse nõuete täit-misele. Tulevased uuringud peaksid uurima koolituste soovitussüsteeme, kohaliku töötu-ru analüüsisüsteeme ning tehisintellekti kasutamist mitmes erinevas keeles ja piirkonnas.Eesmärk on luua tõhusam, kaasavam ja dünaamilisem tööturg, mis sobitaks mitte ainulttöötuid vaid ka kodanikke laiemalt vabade töökohtade ning koolitusvõimalustega lähtudeskohaliku tööturu kontekstist ja seal vaja minevatest oskustest.
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1. Introduction

A recent report by International Labor Organization (ILO) revealed that in 2020 the COVID-19 pandemic caused
the loss of 144 million jobs, causing a drastic shortage of employment opportunities [23]. Rapid societal changes such
as a pandemic, digitization, and war in Ukraine increase the importance of government support and the role of national
public employment services. Most member states in the EU have built e-services to support public employment service
provision. However, it can be argued whether these portals are utilizing recent technological advancements such as
machine learning and artificial intelligence to solve the problematic bottlenecks. ”To take advantage of e-government
services and attract a higher number of citizens, government portals should exploit intelligent techniques and deliver
services in a personalized citizen-centric approach” [3]. Multiple ongoing e-Government-focused initiatives are bring-
ing intelligent services into daylight, such as KrattAI strategy in Estonia, Virtual Finland, and Aurora AI in Finland.
KrattAI strategy is mainly focused on taking existing e-services in Estonia to the intelligent level, having facilitated
more than 80 AI projects in the public sector [18]. AuroraAI program is an artificial intelligence and autonomous
applications network focused on creating people-oriented and proactive services based on citizens’ life events and
companies’ business-related events [31]. Virtual Finland is a new initiative to create digital services from the public
and private sectors for different target groups going to travel, work, study, or do business in Finland for companies,
employees, university students, and tourists [19]. Hence governments have increased interest in artificial intelligence
and proactive service provision for their citizens. However, there is still a long way to go to meet these objectives in
labor market services and cross-regional labor mobility.

People tend to migrate cross-border to find better work and outcomes for themselves. The same trend is also
present in the neighboring EU countries Estonia, Latvia, and Finland, as people are traveling cross-border back and
forth. However, the labour market organizations of these countries are mainly focusing on cooperation in the field of
passive labour market measures as communication is only related to the exchange of social security information. As a
result, no tools support the citizen’s cross-border movement when offering upskilling and re-training opportunities in
neighboring countries.

This paper proposes a research roadmap for building a technologically universal virtual assistant based on European
public sector legislation and standards. We expect that the assistant can be implemented into the existing member state
employment service infrastructure while meeting certain legislative data and technological prerequisites. According
to [26] ”proactive services do not necessarily require a proactive government.” The Virtual Competence Assistant
(VCA) will use universal taxonomies to provide personalized recommendations on available job offers and training
in the EU, which eventually will increase the mobility, quality, and quantity of lifelong learning. Ultimately, we argue
that active labour market employment service provision can be automated with artificial intelligence and moved from
reactive to proactive.

2. Research background

It was customary for a citizen to get a fundamental education, learn a profession and work for the rest of the working
life, gradually increasing the skills related to the field with constant practice. However, in today’s economy, we are
increasingly experiencing whole sectors being closed down. E.g., in Estonia’s Ida-Virumaa region, moving from
fossil fuels to renewable energy sources means the closure of the oil shale sector, which will leave 8, 000, household
member,s into poverty [35]. On the other hand, there are new sectors constantly lacking a workforce. Hence, the
mismatch between existing and future skills needs to be addressed with a focus on citizens’ lifelong learning and
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that active labour market employment service provision can be automated with artificial intelligence and moved from
reactive to proactive.

2. Research background
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life, gradually increasing the skills related to the field with constant practice. However, in today’s economy, we are
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Fig. 1. Citizen’s activities and data related to the Estonian Unemployment Insurance Fund’s e-service

finding new ways how a government can facilitate the adoption of labor market changes. In addition to the rapid
changes in the labour market, we see two significant issues: (i) the lack of intelligent matching between citizens’
CVs and job or training advertisements and (ii) missing consideration of skills and qualifications during the matching
process.

Today, many European public employment services, such as the Estonian Unemployment Insurance Fund, have
built citizen’s portals to provide support services such as applying for social security funding, finding and applying
for a new job or training, etc. The functionalities of such portals vary, i.e., a citizen in Estonia has the option to request
already existing personal information from other public sector organizations, i.e., educational information from the
Ministry of Education and Research and previous work experience from the Tax And Customs Board. Such data
exchange is made possible with the help of the national data exchange layer X-road. Fig. 1. Concludes current main
activities any citizen, both employed or unemployed in Estonia, can do on such a platform when interested in finding
a new job or training.

The main activities are filling in CV information, inserting job wishes, and applying for a job or training. In
principle, any company can insert their job vacancy into the e-service, and any citizen can go and search from a list of
vacancies or define a job wish. If the codes match, the citizen will receive an automatic notification from the e-service.
Similar actions are possible with training. However, there is no functionality to insert a training wish and receive proper
training notifications. The matching process between vacancy and job seeker is currently carried out with customized
ISCO codes. The ISCO code is assigned to each job vacancy by a company and job wish by a citizen manually with
the help of a built-in keyword algorithm. Still, such functionality is rigid and requires a citizen to define a valid ISCO
code. More importantly, even when the filled-in CV consists of detailed previous work experience and educational
background, if the ISCO code is not accurate, the e-service will not help the citizen find a new job. Moreover, in
the latest English version of ISCO, hundreds of unit groups classify more than 7, 000 job titles, so the possibility of
only using ISCO codes for matching is problematic, especially with the growing number of new occupations. When it
comes to labor market service provision, the situation varies in each country as all European member states have their
own regional needs and requirements. However, on the European level, a European Employment Services (EURES)
network facilitates the data exchange of job advertisement data among all EU countries. The network aims to empower
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the free movement of workers in EU-27 countries plus Switzerland, Iceland, Liechtenstein, and Norway. A single
European member state and EURES are related in a data exchange partnership. The member state has implemented its
e-service to supply job advertisement data to EURES automatically. Hence, any EU citizen can log into the EURES
portal and search amongst all job advertisements and insert their CV. Consisting of more than 4M job advertisements
brings forth a question of finding the most relevant job advertisements from the EURES portal. To date, the matching
between job seekers and job advertisements on the EU and national level has been based on outdated International
Standard Classification of Occupations (ISCO) [22].

Having more intelligent matching personal skills meeting the requirements of a vacancy could hugely improve
today’s situation. However, in today’s public employment service portals, there is typically no option to insert specific
skills that a citizen has to receive an increased number of accurate job or training recommendations. Moreover, new
emerging occupations such as green transition and digitization need particular skillsets that can only be characterized
through standardized skills, qualifications, and knowledge frameworks and tools using artificial intelligence. Hence,
today the citizen must still search through thousands of advertisements to find suitable offers.

Surpassing this problem, the European Commission has released Article 19 of the EU Regulation 2016/589, requir-
ing all member states to adopt the European classification of Skills, Competences, and Occupations (ESCO) or to map
their national classification systems to ESCO [39]. The deadline is set three years from the Implementing Decisions
2018/1020, which arrived on August 2021 [40]. ESCO is a European initiative classifying skills, competencies, and
occupations, forming three essential pillars of interrelated taxonomy. More importantly, the framework is translated
into 27 EU member state languages enabling the potential to create interoperable services.

Based on [34], competency tools are “obsolete, and contemporary digitization requirements have not yet been
incorporated into updated usable competency tools.” As a result, despite many well-established competencies and
occupational frameworks such as the Standard Occupational Classification (SOC), [15], ISCO, and ESCO, the existing
citizen-centered services supporting upskilling and finding a new job are inefficient. Even if these classifications are
effectively implemented, it requires manual resource-intensive work to get an accurate match between a citizen and a
vacancy. Moreover, there are currently no recommendation services for finding appropriate training events. This has
brought us to the national and cross-border opportunities we are addressing in the following years.

3. Scrutiny of the related work

The topic of job matching fostering public employment services dates back to the 1970s [30] [33] [7]. Most of
the latest work in job matching is related to the improvement of CV information extraction [8] [9], classifying job
vacancies [7] [6], relating vacancies to skills [29] or skills to vacancies [16] and building job matching recommender
systems [24] [9] [1]. Surprisingly, many academic articles have previously covered the public sector context by ad-
dressing public employment services using artificial intelligence. E.g., predicting a citizen’s probability of finding
work is used to segment people into groups [11]. Because of the world’s aging population, some of the focus in
research related to public employment services targets older job seekers. For example, researchers have recently de-
veloped a job matching application for the elderly in Pangasinan Employment Service Office in Thailand [21].

Only a few attempts are made to create personalized virtual competence assistants, such as pedagogical recom-
mender systems using data from university courses [38] or personal assistants for individuals to be aware of their
job-related limitations and opportunities [5]. However, little focus is targeted on automating citizens’ career and train-
ing advancement. Additionally, interoperability seems to be an essential issue in job-matching: “Each institution and
job portal will have their data isolated, generating different information silos” [5].

There are many different standpoints on how job and training recommendation systems use AI to tackle scientific
or real-life problems. One of the earliest authors targeting job recommendation with ML was in 2011 [32] where
they used former job transition data of people in the US to predict their next job. Similar job transition data was
used in Australia in 2014 while building a model with a cascade system combining career transitions with cosine
similarity [20]. In 2018 researchers from the US were the first to adopt a representation learning framework for a
job recommendation system [10]. Finally, in 2021, similar job transition data was used again in the US, proposing a
two-stage embedding-based recommendation system architecture for a job to candidates matching [41].

Not all research on job recommendation systems targets was recommending jobs to people. For example, in 2011,
researchers from Malaysia targeted their research to assist employers in identifying suitable soft skills for a position
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finding new ways how a government can facilitate the adoption of labor market changes. In addition to the rapid
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3. Scrutiny of the related work
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work is used to segment people into groups [11]. Because of the world’s aging population, some of the focus in
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mender systems using data from university courses [38] or personal assistants for individuals to be aware of their
job-related limitations and opportunities [5]. However, little focus is targeted on automating citizens’ career and train-
ing advancement. Additionally, interoperability seems to be an essential issue in job-matching: “Each institution and
job portal will have their data isolated, generating different information silos” [5].

There are many different standpoints on how job and training recommendation systems use AI to tackle scientific
or real-life problems. One of the earliest authors targeting job recommendation with ML was in 2011 [32] where
they used former job transition data of people in the US to predict their next job. Similar job transition data was
used in Australia in 2014 while building a model with a cascade system combining career transitions with cosine
similarity [20]. In 2018 researchers from the US were the first to adopt a representation learning framework for a
job recommendation system [10]. Finally, in 2021, similar job transition data was used again in the US, proposing a
two-stage embedding-based recommendation system architecture for a job to candidates matching [41].

Not all research on job recommendation systems targets was recommending jobs to people. For example, in 2011,
researchers from Malaysia targeted their research to assist employers in identifying suitable soft skills for a position



2408 Markko Liutkevičius  et al. / Procedia Computer Science 207 (2022) 2404–2413
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when preparing vacancy advertisements while developing and training a Bayesian Network Model [4]. Additionally, in
2017, research in China aimed to aid an employment network while building an online learning contextual algorithm
using big data support for the job and candidate recommendation [13]. Later, in 2019, researchers from the Netherlands
proposed an algorithm that matched graduating students and jobs reciprocally, allowing employers to recruit graduated
students more effectively. Finally, in a recent study from 2020, researchers from Mauritius used ML techniques for
building a recommendation system that can simplify the task of human resource personnel working in a company to
focus on only a small selection of most promising candidates [2].

Two separate studies used occupational taxonomies such as Occupational Information Network (O*NET) [12] and
the European Commission’s project classifying skills, competencies, and occupations (ESCO) [17] as a supporting
data set for creating vector models. However, surprisingly after 2011, when ESCO was established, there was scarce
research involving the taxonomy as a data set, which can conclude that in scientific terms, there are only a few attempts
made to combine ESCO with AI.

4. Proposed approach

The overall research is initiated following the Estonian Unemployment Insurance Fund’s current developments and
near-future needs. We explore how to enable a technical ecosystem using occupational classification frameworks so
that citizens, both employed and unemployed, can receive proactive recommendations about upcoming training and
personalized job recommendations. Such a system should be tailored to people’s backgrounds, in which VCA supports
citizen’s life events, i.e., re-training or change of career path. The recommendations should not only be limited to the
citizen’s country of residence but also include offers to training and training courses in neighboring countries. While
exploring the discovered problems in other EU countries, we discovered that the situation of labour market services
offered by the public sector is similar. This is why our approach includes other countries and tries to maximize the
usage of existing EU-level tools such as ESCO to enhance the data exchange and labor mobility in the EU, starting
with the neighboring countries: Estonia, Latvia, and Finland. To have a more focused starting point, we begin by
creating the VCA on an already existing platform. By adjusting the transnational platform from the OSIRIS Interreg
BSR project (Virtual Collaborative Silver Hub), we plan to pilot the VCA on the 50+ age group in Estonia, Latvia,
and Finland. By integrating our solution with the Silver Hub, we intend to improve job seekers’ mobility and lifelong
learning regionally for this population segment.

Consequently, our goal is to establish the VCA concept and define it as a “personalized virtual assistant to provide
training and career development advice.” To achieve that, we have initiated a project proposal for the Interreg’s Central
Baltic Program and partnered with three universities from Latvia and Finland and technical interoperability solution
provider Nordic Institute for Interoperability Solutions (NIIS). Two universities from Finland: Häme University of
Applied Sciences (HAMK) and Southeast Finland University of Applied Sciences (XAMK), will be covering the
research in Finland, while researchers from Riga Technical University (RTU) will be conducting research in Latvia.
NIIS supports and facilitates cross-border data exchange and related projects between its member countries, Estonia,
Finland, and Iceland. NIIS is the software vendor of Harmony eDelivery Access, an open-source component for
joining one or more eDelivery policy domains used widely in the European Union. We see that combining delivery and
the ESCO framework can have tremendous potential for the future labour movement and competency development.

4.1. Research questions

Concluding the above, our research questions are:

• RQ1. How do existing occupational classification frameworks enable citizen-centered learning and career ad-
vancement automation?

SQ1. How can the European labour market benefit from using the occupational classification systems in
proactive services?

SQ2. What existing data can be used, for what purpose, and what data needs to be created on the national
level?
• RQ2. How to create a VCA based on an occupational classification framework?
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SQ1. What type of existing AI models could be usable?
SQ2. What approach is required to train the model?
SQ3. How to implement VCA in the Estonian context?

• RQ3. How to scale VCA to other EU member states?
SQ1. What adjustments are needed technically, politically, and legally?
SQ2. How do we match data between countries to guarantee interoperability for cross-border data ex-

change?

RQ1 and RQ2 are formed based on the former discussion while having already conducted introductory focus group
interviews and meetings with the Estonian Unemployment Insurance Fund and the Estonian Qualifications Authority.
To approach RQ3, we have partnered with other universities where researchers will help conduct the research and an-
swer the sub-questions while implementing the VCA on Silver Hub. Previously the Virtual Collaborative platform’s
focus was to integrate six regional clusters (Finland, Estonia, Latvian, Lithuanian, Danish, and Russian) to enhance
transnational innovation and decrease the gaps in welfare, technology, and prosperity as all partners are facing the
same common challenge of demographical change. The Silver Hub platform has a knowledge-sharing capacity be-
tween countries on both local and transnational levels to support cooperation and learning. It has brought together
on united platform partners representing businesses, governments (public authorities), and research and development
organizations who are all offering directly or indirectly services and products for the silver economy. Our research
entails implementing and testing the VCA functionalities on age group 50+ and fully integrating them into Silver Hub.

4.2. Methodology

Since our research goal is creating the VCA and integrating it into the Silver Hub platform, we choose an ap-
proach that enables building an IT artifact embedded in the social environment of the organization. Hence for the
fundamental research, action design research (ADR) elements are applied, mainly linked to the needs of the Estonian
Unemployment Insurance Fund. the researcher will be shaping the IT artifact in collaboration with the practition-
ers addressing real-world problems. According to Sein et al., ”ADR is a research method for generating prescriptive
design knowledge through building and evaluating ensemble IT artifacts in an organizational setting” [37]. The re-
searchers will collaborate and conduct research related to the subject of VCA, conducting semi-structured interviews
and focus group discussions. Most importantly, while we deal with creating a citizen-centered VCA, the 50+ citizens
in Estonia, Latvia, and Finland are interviewed, and the requirements are analyzed from the citizen’s standpoint. Fur-
thermore, to better understand national occupation and skills classification and national public employment services,
other stakeholders in the public sector will be interviewed. In Estonia, this means organizations like the Statistics
Estonia (maintaining national classifications such as ISCO), the Estonian Qualifications Authority (responsible for
creating national skills classification system), the Estonian Tax and Customs Board (citizen’s occupational data with
ISCO), and Ministry of Education and Research (citizen’s educational data).

International stakeholders participating in the research (NIIS, XAMK, HAMK, and RTU) participate in VCA
concept validation and implementation. Additionally, we will use observation and document analysis combined with
data provided by the involved stakeholders. Hence we are dividing our research into two iterations: Alpha and Beta,
and four stages: (1) Problem formulation, (2) Building, intervention, and evaluation, (3) Reflection and learning, and
(5) Formalization of learning.

4.2.1. Problem formulation
This stage will mainly focus on four areas. First, as we have contextual knowledge about the labour market sit-

uation in the three-member states, we must conduct a feasibility study on the 50+ population group to understand
their age-specific needs and barriers in the labour market. Based on the outcomes, we will be able to gather user
experience requirements for the VCA and the Silver Hub. With this information, the project partners will be able to
find similarities and differences between the regions and member states and how to handle them in the VCA. For
example, the Estonian Qualifications Authority is responsible for creating a national skills classification system and
mapping it against the ESCO taxonomy in Estonia. We will compare similarities and differences in our partner coun-
tries at this stage. Secondly, we explore how the European labour market can benefit from using the occupational
classification systems in proactive services. Such a solution must be as much automated and proactive as possible.
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The concept of proactive service is a relatively new field of research [14] [27] [25] [28] [36]. Importantly, it enables
the introduction of “personalized agents” while eliminating the need for unnecessary interaction with the government.
The outcome will be a conceptual model of VCA concerning the ESCO taxonomy. Thirdly, a state-of-the-art review
of job and training recommendation systems will be conducted. Based on testing and data from this review, the most
relevant labour market job and skills recommendation models will be selected to train the VCA model in the next
stage. Lastly, a legal analysis will be conducted to understand the legislative environment, GDPR, and the current use
of job/skills standards in the three countries. The result will be gathering requirements for the VCA to build the initial
alpha version.

4.2.2. Building, intervention, and evaluation
The second stage composes of building the IT artifact, the intervention in the organization, and the evaluation

(BIE) [37]. The study here will follow ADR’s BIE scheme Fig. 2. In this stage, the system analysis will be made,
incorporating the output from the feasibility study, state-of-the-art review, and the legislative environment analysis.

In the alpha cycle, the system analysis will create a conceptual design of the VCA that practitioners can use to
implement the first version. Using the gained understanding, automatic job classification and training classification
will be developed using the ESCO taxonomy, altering existing machine learning models and using them to design
the concept of VCA for Silver Hub. In the alpha cycle, the researchers will design and iteratively evaluate the VCA’s
conceptual design and accuracy with partners from the Estonian Unemployment Insurance Fund and the Estonian
Qualifications Authority. The partners’ key role will be helping with existing public sector data such as CV-s, job va-
cancies, and training events. The alpha cycle will end with a pilot version of the VCA focusing on the Estonian labour
market in the segment of 50+ year citizens. The output will be evaluated with Estonia’s public sector organizations
and partner universities.

The VCA design will be further refined in a beta cycle. Additional data is queried from Finland and Latvia to
make the pilot version work in their languages. Finally, the beta cycle includes the intervention and evaluation among
Silver Hub users in Estonia, Latvia, and Finland. The user feedback will be conducted as semi-structured interviews.
Later the interviews will be translated and compared on a country basis. Eventually, the data from all three member
states will be harmonized and implemented into Silver Hub. The interoperability issues between member states will
be analyzed in collaboration with NIIS. NIIS has relevant experience in cross-border data exchange and supporting
the design and implementation of data exchange platforms and ecosystems, bringing in the required expertise to make
the VCA interoperable between EU member states.

4.2.3. Reflection and learning
All materials will be collected in this stage, and data triangulation will be used to identify a mismatch between

theoretical literature, latest developments in ESCO occupations, skills, and qualifications to evaluate our solution and
formalize VCA design principles. In addition, differences in the related countries’ laws, technology, and policies will
be analyzed using feedback from public sector authorities.
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4.2.4. Formalization of learning
In the final stage, the concept of VCA will be formalized to characterize a general VCA for the European labour

market. In this stage, we will approach Directorate-General Employment, Social Affairs and Inclusion in the European
Commission, responsible for developing ESCO. We aim to conduct multiple workshops to improve the concept with
revisions and receive their evaluation to derive general design principles for implementing the VCA in any European
member state. ESCO will be the underlying classification for obtaining recommendations from cross-border. In this
final stage, specific recommendations for improving citizen data quality will be proposed to achieve accurate job and
training recommendation results.

5. Preliminary results

So far, the preparations for the research have been done, and the first stage (Problem Formulation) has been ini-
tiated. Preparations entailed mainly finding project partners and gathering a solid understanding of the Estonian and
the European context. We have conducted meetings and semi-structured interviews with the Estonian Unemployment
Insurance Fund and the Estonian Qualifications Authority. Additionally, we are in the process of interviewing Finnish
authorities responsible for Virtual Finland and Aurora AI. In Estonia, initial interviews are pursued with the local,
national-level experts accountable for implementing ESCO and creating the national skills classification. Comprehen-
sive document analysis is sought in this activity, and actual real-life problems related to the lack of intelligent matching
process and missing skill considerations are validated in collaboration with the Estonian experts. Additionally, rele-
vant occupational and citizen-related data are currently being collected to map the existing situation and answer RQ1.
Moreover, we have initiated a systematic literature review process over job and training recommendation systems.
The most appropriate labour market recommendation methods will be used to train the VCA model. Our partners in
Latvia and Finland have similarly started investigating the public service provision situation in their countries while
contacting authorities responsible for EURES implementation and local governments dealing with skilled labour mi-
gration. To date, we have published a research paper addressing SQ1 of RQ1. Another paper addressing SQ1 of RQ2
is in the process of being published.

6. Expected Outcomes and Limitations

In this paper, we emphasized that the mismatch between existing and future skills needs to be addressed, focusing
on citizens’ lifelong learning and finding new ways how a government can facilitate the adoption of labor market
changes. We identified and validated two significant issues: (1) the lack of intelligent matching between citizens’ CVs
and job or training advertisements and (2) missing consideration of skills and qualifications during the matching pro-
cess. Addressing this, our goal is to create a VCA and validate how citizen-centered learning and career advancement
enable automation and proactive service design. Thus, the final target is to design a VCA for 50+ citizens with the
primary objective of matching employment data to actual job offers and training events. Concerning our initial model,
we expect to have feedback from the Estonian Unemployment Insurance Fund, the Estonian Qualifications Authority,
the Estonian Tax and Customs Board, and most importantly – the 50+ citizens registered in the Estonian Unemploy-
ment Insurance Fund. Finally, international research partners will validate the VCA concept adoption in Finnish and
Latvian contexts, considering the differences in law, technology, and politics and the difference in the actual data. Like
in any research, some limitations impact the current study. Most importantly, Estonia has been slowly implementing
the ESCO system nationally compared to some other EU member states. Estonia is a small country and might not
need such a comprehensive classification system at the national level. This, however, might not limit using ESCO
for AI-enabled virtual assistants. However, it is not certain that ESCO can be used for building a VCA. For example,
suppose the initial results in RQ1 show negative results (e.g., existing data is of poor quality and does not enable au-
tomating the classification of job vacancies). Other classification systems or approaches need to be considered before
moving on to RQ2 and RQ3. Other constraints are related to the time and fiscal resources required to implement an
actual VCA on the national level.
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The concept of proactive service is a relatively new field of research [14] [27] [25] [28] [36]. Importantly, it enables
the introduction of “personalized agents” while eliminating the need for unnecessary interaction with the government.
The outcome will be a conceptual model of VCA concerning the ESCO taxonomy. Thirdly, a state-of-the-art review
of job and training recommendation systems will be conducted. Based on testing and data from this review, the most
relevant labour market job and skills recommendation models will be selected to train the VCA model in the next
stage. Lastly, a legal analysis will be conducted to understand the legislative environment, GDPR, and the current use
of job/skills standards in the three countries. The result will be gathering requirements for the VCA to build the initial
alpha version.

4.2.2. Building, intervention, and evaluation
The second stage composes of building the IT artifact, the intervention in the organization, and the evaluation

(BIE) [37]. The study here will follow ADR’s BIE scheme Fig. 2. In this stage, the system analysis will be made,
incorporating the output from the feasibility study, state-of-the-art review, and the legislative environment analysis.

In the alpha cycle, the system analysis will create a conceptual design of the VCA that practitioners can use to
implement the first version. Using the gained understanding, automatic job classification and training classification
will be developed using the ESCO taxonomy, altering existing machine learning models and using them to design
the concept of VCA for Silver Hub. In the alpha cycle, the researchers will design and iteratively evaluate the VCA’s
conceptual design and accuracy with partners from the Estonian Unemployment Insurance Fund and the Estonian
Qualifications Authority. The partners’ key role will be helping with existing public sector data such as CV-s, job va-
cancies, and training events. The alpha cycle will end with a pilot version of the VCA focusing on the Estonian labour
market in the segment of 50+ year citizens. The output will be evaluated with Estonia’s public sector organizations
and partner universities.

The VCA design will be further refined in a beta cycle. Additional data is queried from Finland and Latvia to
make the pilot version work in their languages. Finally, the beta cycle includes the intervention and evaluation among
Silver Hub users in Estonia, Latvia, and Finland. The user feedback will be conducted as semi-structured interviews.
Later the interviews will be translated and compared on a country basis. Eventually, the data from all three member
states will be harmonized and implemented into Silver Hub. The interoperability issues between member states will
be analyzed in collaboration with NIIS. NIIS has relevant experience in cross-border data exchange and supporting
the design and implementation of data exchange platforms and ecosystems, bringing in the required expertise to make
the VCA interoperable between EU member states.

4.2.3. Reflection and learning
All materials will be collected in this stage, and data triangulation will be used to identify a mismatch between

theoretical literature, latest developments in ESCO occupations, skills, and qualifications to evaluate our solution and
formalize VCA design principles. In addition, differences in the related countries’ laws, technology, and policies will
be analyzed using feedback from public sector authorities.
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4.2.4. Formalization of learning
In the final stage, the concept of VCA will be formalized to characterize a general VCA for the European labour

market. In this stage, we will approach Directorate-General Employment, Social Affairs and Inclusion in the European
Commission, responsible for developing ESCO. We aim to conduct multiple workshops to improve the concept with
revisions and receive their evaluation to derive general design principles for implementing the VCA in any European
member state. ESCO will be the underlying classification for obtaining recommendations from cross-border. In this
final stage, specific recommendations for improving citizen data quality will be proposed to achieve accurate job and
training recommendation results.

5. Preliminary results

So far, the preparations for the research have been done, and the first stage (Problem Formulation) has been ini-
tiated. Preparations entailed mainly finding project partners and gathering a solid understanding of the Estonian and
the European context. We have conducted meetings and semi-structured interviews with the Estonian Unemployment
Insurance Fund and the Estonian Qualifications Authority. Additionally, we are in the process of interviewing Finnish
authorities responsible for Virtual Finland and Aurora AI. In Estonia, initial interviews are pursued with the local,
national-level experts accountable for implementing ESCO and creating the national skills classification. Comprehen-
sive document analysis is sought in this activity, and actual real-life problems related to the lack of intelligent matching
process and missing skill considerations are validated in collaboration with the Estonian experts. Additionally, rele-
vant occupational and citizen-related data are currently being collected to map the existing situation and answer RQ1.
Moreover, we have initiated a systematic literature review process over job and training recommendation systems.
The most appropriate labour market recommendation methods will be used to train the VCA model. Our partners in
Latvia and Finland have similarly started investigating the public service provision situation in their countries while
contacting authorities responsible for EURES implementation and local governments dealing with skilled labour mi-
gration. To date, we have published a research paper addressing SQ1 of RQ1. Another paper addressing SQ1 of RQ2
is in the process of being published.

6. Expected Outcomes and Limitations

In this paper, we emphasized that the mismatch between existing and future skills needs to be addressed, focusing
on citizens’ lifelong learning and finding new ways how a government can facilitate the adoption of labor market
changes. We identified and validated two significant issues: (1) the lack of intelligent matching between citizens’ CVs
and job or training advertisements and (2) missing consideration of skills and qualifications during the matching pro-
cess. Addressing this, our goal is to create a VCA and validate how citizen-centered learning and career advancement
enable automation and proactive service design. Thus, the final target is to design a VCA for 50+ citizens with the
primary objective of matching employment data to actual job offers and training events. Concerning our initial model,
we expect to have feedback from the Estonian Unemployment Insurance Fund, the Estonian Qualifications Authority,
the Estonian Tax and Customs Board, and most importantly – the 50+ citizens registered in the Estonian Unemploy-
ment Insurance Fund. Finally, international research partners will validate the VCA concept adoption in Finnish and
Latvian contexts, considering the differences in law, technology, and politics and the difference in the actual data. Like
in any research, some limitations impact the current study. Most importantly, Estonia has been slowly implementing
the ESCO system nationally compared to some other EU member states. Estonia is a small country and might not
need such a comprehensive classification system at the national level. This, however, might not limit using ESCO
for AI-enabled virtual assistants. However, it is not certain that ESCO can be used for building a VCA. For example,
suppose the initial results in RQ1 show negative results (e.g., existing data is of poor quality and does not enable au-
tomating the classification of job vacancies). Other classification systems or approaches need to be considered before
moving on to RQ2 and RQ3. Other constraints are related to the time and fiscal resources required to implement an
actual VCA on the national level.
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[27] H. Kõrge. Designing proactive business event services: a case study of the estonian company registration portal, master’s thesis, tallinn. Tallinn
University of Technology, 2019.

[28] D. Linders, C.-P. Liao, and C.-M. Wang. Proactive e-governance: Flipping the service delivery model from pull to push in taiwan. Government
Information Quarterly, 35:S68–S76, 10 2018.

[29] P. G. Lovaglio, M. Cesarini, F. Mercorio, and M. Mezzanzanica. Skills in demand for ict and statistical occupations: Evidence from web-based
job vacancies. Statistical Analysis and Data Mining: The ASA Data Science Journal, 11, 2018.

[30] R. E. Lucas and E. C. Prescott. Equilibrium search and unemployment. Journal of Economic Theory, 7(2):188–209, 1974.



Markko Liutkevičius  et al. / Procedia Computer Science 207 (2022) 2404–2413 2413
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[27] H. Kõrge. Designing proactive business event services: a case study of the estonian company registration portal, master’s thesis, tallinn. Tallinn
University of Technology, 2019.

[28] D. Linders, C.-P. Liao, and C.-M. Wang. Proactive e-governance: Flipping the service delivery model from pull to push in taiwan. Government
Information Quarterly, 35:S68–S76, 10 2018.

[29] P. G. Lovaglio, M. Cesarini, F. Mercorio, and M. Mezzanzanica. Skills in demand for ict and statistical occupations: Evidence from web-based
job vacancies. Statistical Analysis and Data Mining: The ASA Data Science Journal, 11, 2018.

[30] R. E. Lucas and E. C. Prescott. Equilibrium search and unemployment. Journal of Economic Theory, 7(2):188–209, 1974.
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ABSTRACT

This paper explores the challenges of today’s labor market service provision in the EU,
where, based on our expertise, insufficient scientific inquiry has been conducted. As
there are many different focus points and factors to consider in the modern turbulent
labor market, we identify the main challenges along with a list of existing scientific
discussions. The central finding of the paper is that there is a lack of central collabora-
tion between stakeholders and poor attention toward implementing changes required
to meet labor market needs. We found that change management is insufficiently inte-
grated into the service provision of the EU’s public employment services. This study
contributes input for building an artificial intelligence-enabled virtual assistant to help
serve the needs of labor markets and citizens.

Keywords: AI, Artificial intelligence, Virtual competency assistant, Labor market

INTRODUCTION

Emerging technologies and the need for high-level skills in the labor mar-
ket have caused several issues for different age groups. Despite substantial
growth in employment rates of older workers in many EU countries over
the past decade, the European Commission’s Joint Employment Report
(Directorate-General for Employment, 2022) highlights the potential to fur-
ther increase these rates. As the population ages, the median age of the labor
force has risen to 44.1 years (Eurostat, 2022a). People are staying active in
their work life for longer, which in turn brings demand for the skillsets that
reflect the current labor market environment. This has also brought calls
to align the trainings funded by public employment services (PESs) to the
current and future demands of the labor market. Furthermore, workers at
the opposite end of the age spectrum tend to struggle with finding their first
job. Unemployment among youth between the ages of 15 and 24 is currently
14% in the EU, which is much higher than in other age groups (Eurostat,
2022b). This highlights a crucial requirement for comprehending the most
appropriate skillsets to facilitate the successful integration of younger and
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older individuals into the labor market, ultimately reducing the gap betw-
een the skills taught in education and the skills in high demand in the job
market.

In addition to these age group-specific problems, digitalization has had
a significant impact on the EU labor market. One example is seen in the
ongoing anxiety over the potential for artificial intelligence (AI) to cause wor-
kers to lose jobs as workloads are automated. Emerging technologies such as
ChatGPT already have the capability to significantly influence the situation in
the labor market. It is clear that with ChatGPT’s capabilities, some employers
can reduce their number of employees but retain workers who can effecti-
vely collaborate with these systems, which requires a deep understanding of
AI technologies. In addition to demographic challenges and digitalization, a
recent report revealed that in 2020, the COVID-19 pandemic caused the loss
of 144 million jobs, fueling a drastic shortage of employment opportunities
(International Labour Organization, 2021).

Our broader research aims to build and validate an AI-enabled virtual assi-
stant model, such as a virtual competency assistant, for the European labor
market. The broader research explores the possibility of creating a scalable AI
model for the EU labor market. However, in order to do so, we need to under-
stand the existing difficulties with the PES provision. The aim of this paper is
to understand the context of current challenges in today’s active labor market
service provision in the public sector. Accordingly, the research question is as
follows: What are the main challenges to PES provision in the EU?

CHALLENGES IN THE EU PES SECTOR

In the following subsections, the challenges of existing labor market service
provision by the EU’s member states is presented based on the scientific
literature and official sources.

Marginalized Groups

One of the major challenges facing active labor market service provision in
the EU is the limited reach and accessibility for vulnerable and marginalized
groups. According to Shore and Tosun (2017), investing in a PES’s institu-
tional capacity and the quality of its services can improve young people’s
attitudes to overcome discouragement and improve their trust in public insti-
tutions. Often the groups most in need of active labor market services “are
also furthest from the labour market, thus requiring the most time and resou-
rces to help” (Bontenbal & Lillie, 2022, p. 864). For example, the COVID-19
crisis had a negative impact on labor market outcomes for marginalized
groups, including women, older workers, low-skilled individuals, individu-
als with disabilities, rural and remote populations, the LGBTIQ community,
Roma and other ethnic or racial minorities who face exclusion and discrimi-
nation, as well as those with a migrant background (European Union, 2021).
When looking at general labor market age groups specifically, the participa-
tion rates of workers ages 50 to 64 in the EU labor market increased from
40% in 2001 to 64% in 2021 (OECD, 2022). At the same time, partici-
pation rates of younger worker (between the ages of 15 and 24) declined
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from 45% in 2001 to 39% in 2021. Integrating older workers and younger
workers into the labor market for longer periods is a growing challenge in
Europe. Employers generally do not seek new workers from the older popu-
lation because the majority of workers beyond a certain age are unable to
change their core skills. However, the lack of former work experience among
younger generations (Generation Z) is not attractive to employers because
of the resource-intensive skills development required for younger employees
to start providing value. Generation Z has two times higher unemployment
rates compared to any other age group (OECD, 2022). Notably, in 2021 in
the EU, the average percentage of young people between the ages of 15 and
24 who were neither working nor studying was 10% (Eurostat, 2021).

Evaluation and Monitoring

In general, the aim of labor market evaluation and monitoring is to ensure
that services are meeting the needs of employers and citizens. These compo-
nents are crucial in the area of PES, as they can provide valuable information
on the impact and effectiveness of these services, allowing public sector
organizations to identify areas for improvement and respond to changing
labor market needs. The EU provides labor market support to member sta-
tes through a program called the European Social Fund (ESF). To avoid
falling into long-term unemployment, offering support as early as possi-
ble, especially to marginalized groups “due to [a] complex set of issues”
(European Network of Public Employment Services, 2022), is a critical
component. The ESF provides measures for job search assistance, training
programs, and employment promotion. However, a recent audit highligh-
ted a persistent weakness in the ESF’s monitoring and evaluation framework
(European Court of Auditors, 2021). Namely, the absence of a separate cate-
gory for specific target groups (such as the long-term unemployed) prevents
the identification of EU funding allocations for such measures as well as
the evaluation of their outcomes and impact on the target group. Similar
problems appear at the EU member state level. For example, in a recent
report the Estonian PES was criticized for not providing more precise targe-
ting and evaluating the impact of training courses (Estonian National Audit
Office, 2022). Specifically, the Estonian Unemployment Insurance Fund only
monitored whether an individual achieved employment after graduating and
training but not whether the training actually helped the individual in the new
position.

Variations in Delivering PESs in the EU

Although the decentralization of PESs has been implemented in numerous
countries in recent years, few studies have examined its impact. In the Italian
labor market, private employment agencies and trade unions also play a role,
providing employment services and representation for workers (Punta, 2019).

Similar to the Italian approach, in spring 2021, Finland also decided
to transfer its employment services to local municipalities (Ministry of
Economic Affairs and Employment, 2021). In Finland, these regional PESs
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(also referred to as Te-Palvelut, TE-Offices, or Te-Toimisto) support individu-
als in their job search efforts. Through these offices, individuals can register
as unemployed job seekers, access vocational training programs, and receive
support with finding employment.

In Germany, the Federal Employment Agency (Bundesagentur für Arbeit)
is responsible for the PES. The agency operates through a network of local
branches located throughout Germany, which provide access to its servi-
ces and support to job seekers and employers across the country (German
Federal Employment Agency, 2023). However, since 2012, Germany has had
a second type of regional job center that is decentralized from the Federal
Employment Agency, allowing for easier adaptation to local labor market
needs. According to recent research in Germany, the decentralization of
41 federally managed job centers at the district level led to a 10% decrease
in job searches within five years (Mergele & Weber, 2020).

Adapting to Changing Labor Market Needs

The labor market is constantly changing and thus requires constant reallo-
cation of resources. One example is the gig economy and other forms of
non-standard work. The gig economy is often associated with the rise of digi-
tal platforms, such as Uber and Airbnb, which facilitate the matching of
workers with short-term or project-based job opportunities as opposed to
permanent jobs. In the gig economy, individuals typically provide their servi-
ces on a flexible, project-by-project basis and are not considered employees
of the companies they work for. This model has both advantages and disa-
dvantages, with individuals enjoying greater flexibility and control over their
work schedules but often lacking access to benefits and protections typi-
cally available to employees. More importantly, it was recently established
that participating in real-time ridesharing service delivery does not serve as
a substitute for traditional jobs in terms of “bridging employment gaps”
(Li, et al., 2019, p. 11). The gig economy has been growing rapidly in recent
years and is becoming an increasingly important aspect of the labor market.
However, the regulatory and legal framework for gig work is still evolving,
and there is ongoing debate about how best to ensure that gig workers are
protected and that the gig economy operates in a fair and sustainable way
(Todolí-Signes, 2017).

Defining the Required Skills

Additional difficulties that PES face are in defining which careers have a
positive outlook for the future. Combining big labor market data with AI
technologies can provide some insights and reveal megatrends (Opik et al.,
2018). Such megatrends affecting the job market today include automa-
tion, digitalization, globalization, and demographic changes. These trends
are shaping the future of work, with far-reaching implications for businesses,
workers, and the economy as a whole. There have been numerous studies
on this topic, but because of limited resources, these studies have been limi-
ted to focusing on specific fields. For example, Finnish company Headai Oy
launched a pilot project in 2020 with the Estonian Qualification Authority
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(Kutsekoda) to conduct a skills gap analysis of Estonian job ads and specific
curriculum data for mechatronics (SA Kutsekoda/OSKA, 2020). The study
did not provide the expected outcomes on predicting the emerging skills,
and the main weakness of the report was a limited understanding of the
Estonian language because their mainmodel only knew Finnish, Swedish, and
English.

METHODOLOGY

The overall research methodology being used in our study is action design
research (Sein et al., 2011) due to the nature of the research questions. In the
autumn of 2022, we conducted seven semi-structured focus group intervi-
ews over a two-month period. To identify challenges in the European labor
market and services such as PES, interested stakeholders, researchers, speci-
alists, and experts were brought together to share their diverse knowledge
in focus group meetings held in Italy, Estonia, and the online communica-
tion platform MS Teams. In total, there were 43 focus group participants
from six different countries: Estonia, Finland, Latvia, Germany, Norway, and
Italy.

To analyze the group interview data from all meetings, thematic analysis
was employed, as it enables inductive and data-driven analysis. According
to Braun and Clarke (2006), thematic analysis is a method that entails reco-
gnizing, analyzing, and presenting patterns or themes within data, thereby
providing a detailed account of the dataset. The qualitative data analysis
approach was employed with the aid of the NVivo software. This appro-
ach has become increasingly popular due to its versatility and ease of use
and is often employed in the analysis of complex interview data (Braun and
Clarke, 2012). The analysis process occurred in two stages. In the first stage,
data were independently coded for each country to comprehend each region’s
specific conditions. The collected interview data were analyzed to identify
individual codes. In the second stage, general themes were identified and
defined using cross-country comparisons. The results were then triangula-
ted with desk research to validate themes from the focus group interviews.
For example, when a certain theme was found from the interviews related to
a particular issue, a related literature research was made to gather additional
information on this theme.

RESULTS

In this section, we explore the various barriers and challenges facing active
labor market service provision. By understanding these challenges and bar-
riers, we aim to highlight the importance of addressing these issues. The
following challenges in labor market service provision were identified from
the thematic analysis:

• Poor focus on marginalized groups;
• Lack of effective evaluation and monitoring;
• Inadequate coordination between PESs, job providers, and job seekers;
• Lack of flexibility to adapt to changing labor market needs;
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• Limited integration with other social and employment services; and
• Resistance to change and to innovation in service delivery.

Poor Focus on Marginalized Groups

Participants from Estonia and Germany reported that PESs are often faced
with limited resources, such as funding and personnel, which hinders their
ability to effectively support marginalized and vulnerable groups in the labor
market. Participants from Finland and Latvia reported that PESs often lack
adequate data collection and analysis tools to effectively target their services
to marginalized and vulnerable groups. Participants from Italy reported that
EU PESs often face challenges in reaching out to marginalized and vulnerable
groups and making their services accessible to these populations. Participants
from Norway and Germany reported that EU PESs often lack coordination
with other stakeholders, such as employers, trade unions, and civil society
organizations, which makes it difficult for these services to effectively support
marginalized and vulnerable groups.

Lack of Effective Evaluation and Monitoring

Participants from Estonia and Germany reported that PESs often lack adequ-
ate data collection and analysis tools to effectively evaluate and monitor their
services and their impact on the labor market. Participants from Finland and
Latvia reported that it was unclear what kind of performance indicators were
used by their countries’ PESs to evaluate their services and assess their effecti-
veness. The choice of performance indicators should depend on the specific
goals and objectives of the national or regional PES and the populations they
serve. Participants from Norway and Germany reported that employment
services often lack meaningful engagement with stakeholders, such as trade
unions, employers, and civil society organizations. This makes it difficult to
assess their effectiveness from a broader perspective.

Inadequate Coordination Between PESs, Job Providers, and Job
Seekers

All participants in the focus group meeting agreed that on a member state
level, labor market service provisions in their country are a diverse and
fragmented system, indicating coordination issues between stakeholders.
According to Italian participants, the country’s PES system is fragmented
and divided into multiple entities with different responsibilities and areas
of expertise. The national PES, Agenzia Nazionale per le Politiche Attive
del Lavoro, is tasked with the development and implementation of national
employment policies, while regional PESs, such as the regional employment
centers, are responsible for delivering employment services, including job
placement and training programs. German participants indicated that some
German PES provisions overlapped, which could be confusing and ineffective
for individuals in need of support.
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Lack of Flexibility to Adapt to Changing Labor Market Needs

Participants from Finland and Latvia reported that forecasting future skills
and jobs based on megatrends is intriguing, but there are many who are ske-
ptical about its accuracy and usefulness. The problem is that thesemegatrends
are usually not very relevant on a local scale (e.g., a region of a country).
Conducting local skills forecasting has limitations in terms of available data.
Such data must come from local industries in collaboration with labor market
services. PESs can then allocate resources to providing upskilling and reskil-
ling trainings required by the labor market. Unfortunately, the link between
industries and the labor market is weak because extracting data from indu-
stries requires numerous resources from multiple stakeholders, as supported
by the findings of SA Kutsekoda/OSKA (2020).

Limited Integration With Other Social and Employment Services

The majority of interviewees were particularly concerned about the limited
ability of PESs. In each country, different institutions and organizations were
responsible for different aspects of the activities related to labor market servi-
ces. Thus, a job seeker who might be interested in a job in another region or
country and needs help with relocation would have to apply for assistance
through a different agency other than the PES. This is highly important issue
because “being mobile is the only alternative to a decline in social status
or even poverty” (Ludwig-Mayerhofer & Behrend, 2015, p. 337). In addi-
tion, to register for a training or educational program with the intention of
improving their employment prospects, job seekers must turn to a specific
educational agency. Such a lack of integration can lead to additional barri-
ers for job seekers to receive the support needed to find employment. We
found such integration problems in PESs in Estonia, Finland, and Germany.
All participants agreed that limited integration between European member
states’ PESs and other social and employment services is a complex issue,
especially for vulnerable and marginalized groups.

Resistance to Change and to Innovation in Service Delivery

The focus group discussions indicated that most EU member states have not
yet been able to implement the European Skills, Competences, Qualifications
and Occupations (ESCO) taxonomy into their existing PES platforms. One
factor contributing to this slow adoption was the resistance to change and
innovation in the PES sector. Hence, the lack of a unified approach has led to
different interpretations and implementations of ESCO, further complicating
its adoption across the EU. Participants from Estonia noticed challenges asso-
ciated with integrating ESCO into existing national systems and processes, as
most of the existing portals used an older classification called the Internati-
onal Standard Classification of Occupations. This can lead to compatibility
issues with existing databases, challenges mapping national statistics or qua-
lifications to the ESCO system, and difficulties ensuring the quality and
comparability of the data collected.



Understanding the Challenges of Today’s Labor Market Service Provision in the EU 37

CONCLUSION

Active labor market services play a crucial role in supporting citizens seeking
employment or to maintain relevant skills. Despite its importance, the effe-
ctive provision of these services is faced with numerous challenges that can
impact the ability of service providers such as PESs to effectively support citi-
zens in their search for relevant employment and training, leading to negative
outcomes for citizens and the wider economy.

Our research has uncovered numerous significant hurdles within the
European PES sector. Our findings indicate that there is a poor focus on
marginalized groups, a lack of effective evaluation and monitoring systems,
limited integration with other social and employment services, and a lack of
flexibility to adapt to changing labor market needs. Additionally, our rese-
arch found evidence of resistance to change and innovation in PES service
delivery.

Importantly, there has been limited research on various aspects of
European PESs. Specifically, inadequate coordination between PESs, job pro-
viders, and job seekers and a high administrative burden for PESs have not
been adequately investigated. We also found that there has been limited sci-
entific research conducted in the field of change management and innovation
in the PES sector.

These findings highlight the need for a comprehensive review of the
European PES sector with a focus on developing effective strategies to address
these challenges. This will require a collaborative effort from all stakehol-
ders, including governments, PES providers, job seekers, training providers,
educational institutions, and employers. It will be important to develop effe-
ctive evaluation and monitoring systems as well as to implement innovative
approaches to service delivery. This will not only help to address the challen-
ges facing the European PES sector but also help to improve outcomes for
job seekers and ensure that the PES sector remains relevant and responsive
to changing labor market needs.

Finally, the lack of a unified understanding of current and future occu-
pations and skills is negatively affecting cross-border and regional labor
migration as well as opportunities for upskilling and retraining. However,
recent developments in AI have demonstrated the potential to significan-
tly contribute to societal success by improving PESs, developing better
upskilling, and matching humans with job opportunities using advanced
tools to better understand and address the changing demands of the labor
market.
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ABSTRACT
Despite many national and international classification systems and
organizational competency models being developed, there is still
a lot of resource intensive manual workload dependent on career
counselors and human resource departments. With the growing
mismatch between labor market demand and supply, we aim to
establish an initial concept for building a virtual competency as-
sistant that uses European occupational taxonomy adopted on na-
tional level. Although Estonia’s digital government ecosystem is
widely known with its paperless management and broad use of
e-services, its citizens lack proactive e-services related to career
development. This paper validates current developments in the field
of occupational classification systems associated to the Estonian
Unemployment Insurance Fund through providing initial results
gathered with qualitative methods. The results show that the exist-
ing e-service for the unemployed citizens of Estonia is not using
modern automated methods that provide analysis of citizen’s data
and offer suitable trainings or job offers. The research offers initial
findings in the process of advancing personal career developments
of the EU citizens with proactive e-services while maintaining labor
data interoperability across the EU.
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1 INTRODUCTION
Through time, the labor market has evolved according to market
needs. By nowwe have reached to a point where we can say that the
near future labor market is strongly influenced by the COVID-19
pandemic and renewable energy strategies. COVID-19 crisis has
changed the labor market in a way that many households have lost
their income and thus increasing the unemployment rate. Addition-
ally, switching from pollution towards renewable energy gives even
more pressure to existing labor market because moving from old
economy to new requires new qualifications, skillsets and knowl-
edge. For example, while Portugal was in 2019 one of the biggest
producers of clean energy in the EU, it had an unemployment rate
of 6,6% while the EU average rate was 6,5% [1]. Today it is unclear
to which extent the recovery from the collapse of tourism and ser-
vice sector caused by COVID-19 pandemic will succeed. However,
switching to renewable energy will certainly create new jobs, but
also increase unemployment rates in countries that are only in the
beginning of implementing renewable energy strategies. For exam-
ple, according to Praxis, in Estonia’s Ida-Virumaa region, where
40% of biggest companies are oil shale companies, the closure of oil
shale sector will leave 8000 household members into poverty [2].
This raises massive need to retrain huge number of people on top
of the currently unemployed, which is above 8% of working age
citizens currently in Estonia.

As we are increasingly moving towards proactive and automated
services in the process of building e-governance related solutions,
the complexity related to how governments can satisfy the needs
of their citizens in challenging times needs to be addressed. Thus,
Estonia has been focusing on digital government ecosystems by
investigating technologies that support digital transformation. That
includes the understanding of architectural needs along with the
requirements of the end-user. Based on over two decades of ex-
perience the most crucial parts in Estonian e-governance devel-
opments have been digital data exchange [3] and digital signing
as critical step to move to paperless government [4]. In addition
to state level digital transformation, the digitalization has addi-
tionally involved to the state level developments along with local
governments [5] where many developments have been built upon
document management systems [6]. Moreover, as part of the tran-
sition to e-government, paperless management enables creation of
e-services that allow fully digitalized interaction between citizens
and government entities.

Over several years, numerous integrations have been developed
based on digital data exchange systems, e.g. interfaces with national
registries, financial and personnel software, etc. Information man-
agement in a common system and cross-usage of data allows better
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monitoring of the procedural steps. Although interdisciplinarity
is the main emphasis nowadays, still technological solutions are
increasingly dominating factors in the move towards e-governance
realizations and Estonian practice has demonstrated good evidence
in that regard [7]. However, besides the high level of digitalization
within government processes and public services, Estonia has taken
the next generation towards automatization and use of AI within
public services. In that regard, Estonia has developed a new vision
Next Generation Government Architecture vision paper, where
Chief Technology Officer (CTO) of Estonia with his team proposes
action plan along with a new approach in a more innovative way
in the area of public sector service implementation [8]. Primarily
focus on updating the technology along with the domain driven
design, business process modelling and related flow tools should
create a new synergy within Estonian e-Governance architecture.
That includes moving frommonolithic applications toward an event
driven microservices architecture. Besides updating monolithic ap-
plications toward an event driven microservices architecture, one
important focus has taken here on use of AI in government ser-
vices Estonian government by creating the chatbot proof of concept
(POC) called “KrattAI” and other “Kratts” [9]. “Kratt” is a national
artificial intelligence system, which is founded on a software-based
algorithm. In this approach, the government decided from the begin-
ning that whenever an AI or ML enabled decision support system
would have a decision point, in accordance with the Estonian law on
automation, that a human decisionmaker would be there to make
the final decision [10]. These “Kratts” are developed by Nordic In-
stitute for Interoperability Solutions (NIIS), stakeholders from the
Ministry of Economic and Social Affairs of Estonia (MKM) as well as
the software development company that is developing the “KrattAI”
chatbot POC. Thus, the focus lies on automatization of the existing
digitalized services and processes where an important aspect is data
and its quality. That in turn means common standards and agreed
semantics between the systems. Which helps further development
of the concept of AI enabled virtual assistants to help achieve easier
access to government services. In addition, the proactive service
approach must be considered while setting up a proper ground
for automatization of the specific service. However, the concept of
proactive services and its appropriation in a society is only scarcely
studied [11]. Only now the critical mass of literature on proactive
services and proactive governance has started to accumulate [12]
[13] [14] [15] [16] [17].

Referring to all above mentioned, the proactiveness and automa-
tization is lacking in government decision making processes. More-
over, while human resource is one of the most valuable resource
in any organization, little has achieved in automating human re-
source development aligned with organizational goals: “Compe-
tence management should no longer be considered as disconnected
activities with few relationships with the organizational goals” [18].
Competency in scientific literature is broadly defined as work re-
lated skills, abilities and attitudes. Research, literature on human
resource shows that many organizations deal with development of
competency models. While competency models are often defined
as collections of knowledge, skills, abilities, and other characteris-
tics [19], surprisingly in current scientific literature little focus is
targeted at implementing human resource development systems
for training or re-training existing workforce. For instance, many

competence models are created, but they are often theoretical and
difficult to translate into measurable technical analysis approaches.

This introductory research is initiated following the current
state of the art developments and near future needs of the Estonian
Unemployment Insurance Fund (EUIF). Our main research question
hereby is: How can the European labor market benefit from using
the occupational classification systems in the field of proactive
services? In general, our wider aim is to develop a framework
and proof of concept for virtual competence assistant (VCA) using
artificial intelligence and the concept of proactive service. Thereby,
this paper deals with multidisciplinary area and focuses on data
needed for the virtual assistants and what particular challenges are
inherent to the general practice of using internationally accepted
occupational classification type of approaches in the labor market.
The paper seeks to introduce this research topic as well as formalize
the research gaps involved and find preliminary results.

1.1 Research Methodology
The focus of this research is to investigate and understand the
current and future states of the labor market competency domain.
To understand this phenomenon case study methodology in gen-
eral and qualitative research methods more specifically were used.
Initially, a review of recent literature and developments in the occu-
pational classification area served to get preliminary information in
addition to the preliminary semi-structured interviews with EUIF.
Also, preliminary set of unemployed job seekers were interviewed
regarding their experience related to communication with career
counselors in the EUIF. The interviews were pursued to form the
essential requirements for the research and to establish a firm status
quo. The current research is ongoing and is planned into different
phases in the upcoming months. We argue that the qualitative re-
search methods have the largest amount of flexibility. Furthermore,
qualitative research methods provide a diverse and versatile set
of tools to understand problems that derive from different sources
and from different points of views. Furthermore, such values allow
being implemented in many disciplines [20] making that approach
multi-faceted.

2 STATE OF ART
2.1 Standard international classification

systems/frameworks
The International Standard Classification of Occupations (ISCO) is
a classification for occupations and jobs developed by International
Labour Organization (ILO) as part of the United Nations. It is orga-
nizing jobs into 10 major groups based on tasks undertaken in the
jobs. In total, there are four interconnected levels: 10 major groups,
40 sub-major groups, 127 minor groups and 436 unit groups [21].
The 436 unit groups classify more than 7000 job titles with 4-digit
numbers, e.g. classification number “2131” is related to “Scientist,
computer” and 90 other job titles. Additionally, these classifications
linked to one of four ISCO skill levels, which means that by the
example of “2131” with its major category of “2”: “Professionals”
has the highest skill level “4”. Since ISCO provides descriptions to
all groups, it is often used as initial classification of a country’s
national occupations’ classification system with the possibility to
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extend more detailed occupations for the appropriate use [22]. ILO
published the latest version, called ISCO-08, in 2008.

European Qualifications Framework (EQF) standardizes qual-
ification across European countries so that qualification related
taxonomy would be interoperable i.e. when developing systems
enabling workers find work in another country in the EU. All EU
countries can thereby relate to the common learning outcome based
framework to be more compatible and increase mobility of their
citizens. The learning outcomes indicate what a worker is able to do,
what he or she understands and knows. The EU Member States can
thereby reference their national qualification frameworks to the
EQF and thereby a comprehensive map of qualifications is accessi-
ble through qualification databases. EQF-s main structure is divided
into 8 levels (level 1: basic to level 8: advanced). In EQF, each mem-
ber state has placed its occupation to one of the levels, e.g. “PhD
degree” is placed to level 8 in all EU countries, regardless that there
are different terminology being used for such degree (e.g., Doctoral
degree in Estonia, Doctorate in Austria etc) [23]. To have better
instructions for classifying the occupations, EQF has descriptors
(Knowledge, Skills, Responsibility and Autonomy) which help to de-
termine compliance between EQF and national qualifications [24].
In addition to the member states of EU, another 11 countries are im-
plementing the EQF. Latest revision by the European Commission
is made in 2017.

ESCO is a European Commission project classifying skills, com-
petences and occupations while covering 27 languages in the EU.
Moreover, it is directly related to ISCO: “ESCO has been built as
an extension of the International Standard Classification of Occu-
pations (ISCO)” [25]. ESCO is used in variety of reasons such as
finding out how certain skills and knowledge relate to certain occu-
pations; how qualifications are connected to certain competences,
knowledge and skills; or how certain occupations and qualifica-
tions are interrelated [26]. Thereby ESCO is mainly consisting of
three pillars: qualifications, occupations and skills/competences.
The qualifications pillar of ESCO is in accordance with the EQF
and thereby linked to national qualification databases. The first
four levels of occupation pillar of ESCO are linked to the classifi-
cation of ISCO-08 occupations hierarchy, while starting from level
five ESCO occupations are located. For standardization purposes,
each ESCO occupation links to one ISCO unit group on level four
(unit level). In total, there are more than 4000 occupations in ESCO.
The skills/competences pillar contains skills, language skills and
knowledge, attitudes and values. In total, there are more than 13000
skills/competences concepts described in the latest ESCO (v1.0.8)
version, which was published in 2020. ESCO offers technical service
platform and many data resources that are available and free for
downloading by any country or organization.

In the United States, a separate classification system is used,
called the Standard Occupational Classification (SOC). In 1999, a
decision was made to move on a separate way from ISCO: “The
International Standard Classification of Occupations was not used
because it was not flexible enough for U.S. needs” [27]. The most
well-known occupational database in the U.S. is Occupational In-
formation Network (O*NET), using the SOC as the basis of occu-
pational classification. Last revision of O*NET-SOC taxonomy was
released in 2019 containing more than 900 occupations.

2.2 Proactive services and their use – first step
towards virtual agents

As Estonia is developing an innovative way of using virtual as-
sistants to deliver government services, we are investigating the
technological architectures and organizational transformation nec-
essary for implementation and adoption. Essentially, proactive (pub-
lic) e-services and e-governance are citizen-centered. Services are
orchestrated so that the citizen does not need to be aware of them
or navigate through extensive bureaucratic structures. It could be
argued that the citizen must only act at certain access points [16].
Ideally, automated workflows take care of the sequencing of agency
request and actions. Such services would be classified as proactive
and automatic services. Additionally, the future role of artificial
intelligence (AI) and machine learning are expected to increase
drastically. Once the information to provide a specific public ser-
vice exists in the state information system and it is assumed that
the person would benefit or like to take advantage of the service,
the organization develops a proactive service together with the
authority, which is managing the database. Fundamentally, the goal
of proactive services it to limit the unnecessary interaction with
the citizen while making sure that the citizen gets all services and
benefits they are entitled to. To some extent all services that have
not explicitly stated as proactive are reactive services. Reactive
in essence, as briefly discussed above, refers to something that is
done in response to a situation rather than creating or controlling
(proactivity) it. A limited number of academic articles on reactive-
proactive services have been covered previously in the public sector
context (see [28], [17]). Ayachi, et al. (2016) for instance provides a
reactive and proactive recommendation engine for e-government
services [28]. While the former offers e-services based on a set
of interactive questions and answers, the latter suggests services
without the initiation from the citizen, i.e. without any request,
e.g. proactively. The reactive services are provided to citizens after
request. Although the two concepts have not been discussed too
broadly in the literature, this research seeks to incorporate the two
concepts in a public service delivery context from a conceptual
point of view. Furthermore, an initiative that can be identified as a
variation of proactivity is the aforementioned “Kratt”. The national
artificial intelligence system is autonomous and self-learning and
is assigned tasks that are traditionally done by a person. A “Kratt”
expert group was brought into existence in order to research more
thoroughly, how artificial intelligence could be implemented in the
private sector more widely. The concept of a proactive agent is
novel, as it enables the introduction of “personal assistants”. As
discussed briefly in the Introduction, an application, a caseworker
or an artificial intelligent agent such as “Kratt” could register a
life event. However, as the implementation of “Kratt’s” is still un-
derway, in this research we argue that a proactive agent could be
an e-service or a physical person. It is possible to distinguish be-
tween a set of reactive and proactive characteristics in any given
service ecosystem. The main difference can be observed in when
government pushes out services proactively and users are reac-
tively looking for services. The conceptual illustration below (see
Figure 1) of the Reactive-Proactive conceptual space illustrates the
envisioned process for the provision of proactive services while
taking into consideration the potential reactive pathway in parallel.
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Figure 1: - Reactive-Proactive conceptual service space

It is suggested here that once a life or business event (such as a
birth, marriage, starting a school, or starting a business) takes place,
there could be two options: either subscribing to the ProactiveSpace
or to the ReactiveSpace (see Figure 1).

In the context of our introductory research, such concept can
be applied to citizen’s occupational status. The life-events can be
related to changes in occupational conditions, such as losing a job
and thereby automatically applying for unemployment support
versus having to do it manually or finding a new job proactively via
automatic analysis of individual profile and matching with open
positions versus spending a lot of time every day and searching
manually for new vacancies. In order to have a clear target for our
future research we are henceforth investigating the preliminary
situation in the EUIF.

3 RESULTS
EUIF is a quasi-governmental organization that acts according to
two main Estonian laws: The Unemployment Insurance Act and
the Labour Market Services and Benefits Act. It is allocated in
29 different counseling centers across Estonia. The main tasks of
EUIF are to organize the social insurance provisions and to support
citizens who have lost their jobs find a new employment or take part
in free of charge training or re-training activities. To enable easier
data exchange and communication between a citizen, government
and the EUIF, an online e-service called “e-töötukassa” is provided.
In the e-service, a citizen can amongst other things register for
unemployment, fill a personal CV, find available employment offers
and seek for suitable training activities. Filling a CV is made easier
because in some cases a citizen can request filling some of the fields
using other Estonian government data registers via Estonian data
exchange layer X-road. In case an offer or training is interesting, a
citizen can apply using the e-service.

Based on preliminary interviews with the EUIF, currently stan-
dardized occupational classification ISCO-08 is being used. However
starting from August 2021 ESCO will be a mandatory classification

system for all Unemployment Insurance Funds in the EU member
states. Currently in Estonia, mostly ISCO is used as a method for
classifying occupations. The benefits for a citizen of using such a
classification is seen when a citizen, seeking for a job, marks desired
occupation in an e-service which in that time may not be available,
however a notification is sent at once after such offer is entered by
any employer to the system. In “e-töötukassa” such functionality is
called job-wish. Recent efforts to modernize the fund’s IT solutions
is seen by its 2020 goals [29], where most important goals were: (1)
Finalizing e-counseling solution for job seeker, (2) Introduce deci-
sion support model using data analytics for the fund’s counselors
to help the assessment of the individual long-term unemployment
risks, (3) Continuation of automating processes concerning finan-
cial support payouts, (4) Deployment of transcription software on
the calls of call centers.

Despite such developments are in motion, currently each job
seeker and employer is advised by personal counselor. As in Estonia
the unemployment rate is currently over 8% (more than 57000
unemployed citizens), contacting and keeping job seekers’ efforts
and progress information up to date is very resource intensive.
Additionally, based on feedback by an unemployed citizen, who
was laid off because of the pandemic, there are two main problems
while applying to a training in the EUIF. First, a citizen can only
select a training from the EUIF’s official partners list, so finding the
suitable training that fits to the applicant’s profile is limited and the
selection rules are confusing especially after one carefully selected
application for training got rejected. Secondly, the counselors tend
to forget information that has already been discussed in the previous
contact calls.

In line with the ongoing research, the EUIF is in the near fu-
ture planning to focus on 1) mapping their occupations and skills
against ESCO and 2) improving the career advancement function-
ality, hence giving this research an academic prospect and thus val-
idation of the need for a VCA type of solution. Such developments
increase digitalization and enable building proactive e-services.

3.1 The possible usage of the VCA based on
ESCO

Until now, we have analyzed the existing occupational classifica-
tion systems and had preliminary view of the current situation in
the Estonian state-level developments as well as the situation in
the EUIF. Although there are three main occupational systems on
international use: ISCO, SOC and ESCO, there are only two relevant
classification systems in the European context: ISCO and ESCO. The
results of our preliminary interviews with EUIF and secondary data
collection confirmed that ESCO is going to be mandatory taxonomy
for all EU member states starting from August, 2021. As ESCO’s
first pillar concerning occupations is tightly related to ISCO, there
is no need to separately concentrate to ISCO per se. The two re-
maining pillars of ESCO are qualifications pillar, which is related to
the EQF, and skills/competence pillar. The EQF is a framework for
linking the European member state’s national qualification frame-
works (NQF) to enable data exchange and interoperability. Similar
to EQF, Estonian NQF consists of 8 levels describing both formal
education qualifications and occupational groups and qualifications.
Skills/competences are broad description of all existing skills across
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Figure 2: - Conceptual Model of Virtual Competence Assistant (VCA) Based on National Taxonomy Derived from ESCO

the EU. Based on preliminary interviews with the EUIF, out of the
13000 skills/competences Estonia only needs to define less than
1000.

Concluding the above, we construct initial conceptual view of
the virtual competence assistant. The proactiveness concept in the
communication flow of individual citizens and the Estonian Un-
employment Insurance Fund in Figure 2 is illustrated via Estonian
data exchange layer X-Road because all citizen’s data is in that
case following the “once only” principle. With the aid of virtual
competence assistant, a citizen gets suggestions for appropriate
available trainings and educational programs without having to
search for them. Such suggestions may be automatically triggered
for instance when a citizen’s occupational status is changed to un-
employed, but also while continuing to work in order to upgrade the
skills related to specific occupation. Mapping national occupational
classifications to ESCO rather than ISCO gives many advantages:
First, since ISCO’s latest update was in 2008 and having only four
layers, ESCO’s taxonomy is regularly updated consisting of newer
occupations more specific and recently emerged occupations. Sec-
ondly, in addition to updated occupations ESCO provides additional
qualifications and skills/competences pillar, which has much higher
benefit in creating rules for artificial intelligence based solution.
This means that knowing citizen’s skills based on current and past
occupations, a VCA can suggest trainings for achieving acceptance
in a better job. Finally, by using similar basis for one country, the
solution can be replicated more easily in another country. Of course,
more research needs to be pursued.

4 DISCUSSION
One important purpose of this paper was to investigate how occu-
pational classification systems can be used in order to automate
service provision between EUIF, government and a citizen. The
paper sought to establish initial ground for understanding, how we
can approach the topic in order to build a digital career coach as
a virtual competence assistant by using existing occupational tax-
onomy. The research showed that many components and building
blocks are in place from the European side in order to move on with
creating such a proactive service. On a national level, as discussed,
the outdated ISCO is still currently in use by the EUIF. However, all

EU member state unemployment insurance funds are required to
implement or map their national classifications to ESCO by August
2021.

4.1 Future work
Further research still needs to focus more in detail what approaches
are currently being used for existing unemployment information
systems development. In addition, we need to investigate main
concerns in relation to existing information systems and analyze
more deeply what are main requirements for further development
in order to set a foundation for VCA. Although our preliminary
analysis showed a good potential, we need to investigate which
components of ESCO are essential and can be used developing a
proactive career agent on a national level.

5 CONCLUSION
Based on the topic of proactive services and VCA conceptual model,
initial results show that it is possible to create ecosystem where
ESCO could help with the classification connecting occupations
to skills/competences and qualifications. Since each nation’s labor
market and national taxonomy is different, the main benefit of us-
ing ESCO classification is to enable interoperability between EU
member states. The widely established EU-based occupational tax-
onomy provides agreed datsets and rules that is typically required
when proactive services are built. Estonian experience shows that
services can be automated and digitalized in some domains and
use of “KrattAI’s” is a proof of concept. Next challenges ahead are
gaining data that is relevant to specific nation’s labor market and
classifying these according to existing taxonomy. In collaboration
with EUIF, we aim to create such a service that in the future can be
implemented into Estonia’s government “KrattAI” ecosystem.
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Abstract: The modern labor market faces complex challenges stemming from various factors, such
as demographic shifts, the far-reaching impacts of digital and technological evolution, changing job
profiles,  and  job  losses  due  to  automation  and  the  green-economy transition.  As  labor  market
challenges escalate, it becomes increasingly vital for public employment services (PESs) to gain a
deeper understanding of their clients and the specific labor markets in which they operate. Although
these  services  often  help  only  unemployed  people  in  their  current  form,  implementing  AI
technologies  has  the  potential  to  significantly  broaden  PES  support  for  the  wider  public.
Unfortunately, the EU's PES sector has been slow to implement AI technologies to support clients
with  services  such  as  skills  extraction  from  CVs  and  job  offers,  job-seeker  matching,  and
recommending relevant jobs or training. This study examines the perspectives of a PES's external-
user groups and internal stakeholders to establish a baseline for implementing such technologies
into existing self-services. The findings emphasize that although AI has transformative potential,
deploying it effectively necessitates a holistic understanding of the existing PES ecosystem and a
strategic approach to requirement gathering.

Keywords: Public  employment  services,  Requirements  gathering,  AI,  Public  sector  innovation,
Digital transformation, Modern labor market

1. Introduction

As  the  fourth  industrial  revolution  (Schwab,  2023)  emerges,  we  stand  at  the  threshold  of

unprecedented technological advancements. This new era is reshaping the labor market, increasing

the demand for novel skills while making traditional ones obsolete. The EU-policy level identifies

skills as crucial for sustainable competitiveness and social fairness (European Commission, 2020).



Recent crises like COVID-19, high energy prices, and Russia’s aggression against Ukraine have

heightened  labor  market  uncertainty.  An  OECD  (2022)  study  showed  that  at  least  one  in  six

business-sector  workers  are  in  concentrated  labor  markets,  limiting  their  negotiation  power  for

better  conditions.  Despite  a  better-than-expected  rebound  from  COVID-19,  labor  market

improvements remain inconsistent, particularly challenging for low-skilled workers (Causa et al.,

2022). Significantly, the member states of the EU have supported the EU 2030 social objectives,

which include a  goal  for  at  least  60% of  adults  to  engage in  training each year  to  achieve an

employment rate of no less than 78% by 2030 (European Commission, 2022-1). Additionally, the

2030 Digital Compass establishes further ambitions, aiming for at least 80% of all adults to have

basic digital skills by the same year (European Commission, 2022-2). Demographic trends, like a

shrinking working-age population, highlight the need to unlock the labor force's potential and invest

in  skills  across  all  age  groups  (Park  et  al.,  2022).  In  the  EU-28 Member  States,  Iceland,  and

Norway, an estimated 128 million adults could benefit from upskilling and reskilling (Cedefop,

2020). Addressing skill shortages is crucial,  especially for underrepresented groups like women,

people with disabilities,  older  individuals,  and youth not in education,  employment,  or training

(Rajnai & Kocsis, 2017). Public Employment Services (PES) play a key role in connecting the

unemployed  with  job  and  training  opportunities,  but  their  approaches  vary  widely  (Łukasz

Sienkiewicz, 2022).

A 2017 global report identified six obstacles to developing skills-intelligence systems in the PES

sector:  lack  of  knowledgeable  human  resources,  funds,  coordination,  statistical  infrastructure,

policymaker  support,  and  credibility  of  previous  analyses  (International  Labour  Organization,

2017). More academic research is needed on PES self-services'  requirements and functionalities

(Wallinder  &  Seing,  2022)  (Danneels  &  Viaene,  2015)  (Leinberg,  2016).  The  study  aims  to

determine an approach for gathering the requirements for AI-enabled career-support services within

PES, posing two research questions:

1. What are the needs of external-user groups for a modern PES self-service in Estonia?

2. What  internal-implementation  requirements  should  be  considered  before  building  AI-

enabled solutions for PES in Estonia?

Estonia serves as a compelling subject for this study due to its achievements in e-governance and its

high  ranking  in  the  2022  "eGovernment  Benchmark"  study  (European  Commission,  2021).

Estonia's national AI strategy, initiated in 2019, has propelled AI-enabled services in the public

sector (Government CIO Office, 2019). Subsequent "Kratikava" action plans for 2019-2021, 2022-

2023,  and  2024-2026,  developed  by  the  Ministry  of  Economic  Affairs  and  Communications,

continue to direct AI adoption (Ministry of Economic Affairs and Communications (2019, 2022,



2024)). Additionally, the "Data and Artificial Intelligence White Paper 2024-2030", created by the

Ministries of Economic Affairs and Communications, Justice, and Education and Research with the

Government Office, outlines strategic goals for developing a data-driven governance and economy,

transforming Estonia into a state empowered by AI, while emphasizing trust and human-centric

approaches  (Ministries  of  Economic  Affairs  and  Communications,  Justice,  and  Education  and

Research & Government Office (2024)). The Estonian PES has introduced new AI tools and created

cooperative  opportunities,  enhancing  internal  service  efficiency.  However,  these  AI-enabled

services are primarily designed for consultants, with limited direct impact on clients such as the

unemployed, job seekers, employees, employers, and youth. 

2. Literature review

2.1. Digital transformation and AI in the public sector

The scientific community has yet to agree on a single definition of AI. A report on a longitudinal

study titled “Artificial  Intelligence and Life in 2030,” released by Stanford University in 2016,

examined the influence of AI on diverse sectors of society. The report argued that the absence of a

clear, universally-agreed-upon definition of AI might have contributed to the field's rapid expansion

and progress (Stanford University, 2016). A more recent report, completed by the same standing

committee and published in 2021, argued that compared to governing bodies of other countries

worldwide, the EU has been the foremost governmental body in introducing specific regulatory

measures for AI (Stone et al., 2022). The EU defines AI systems as "software (and possibly also

hardware) systems designed by humans that, given a complex goal, act in the physical or digital

dimension  by  perceiving  their  environment  through  data  acquisition,  interpreting  the  collected

structured or unstructured data, reasoning on the knowledge, or processing the information, derived

from  this  data  and  deciding  the  best  action(s)  to  take  to  achieve  the  given  goal"  (European

Commission,  2019).  As  this  comprehensive  definition  indicates,  the  EU  seeks  to  capture  the

multifaceted  nature  of  AI,  emphasizing  both  its  data-driven  decision-making  processes  and  its

overarching human-designed objectives. This underscores the EU's vision for AI and aligns with the

discussion of digital transformation and its relationship with AI.

Although the private sector has shown significant progress in adopting AI and developing digital-

transformation strategies, the public sector still faces challenges in this regard (Fatima et al., 2020).

Thus, the adoption of AI technologies has become increasingly important for the public sector in

recent years. Wirtz et al., (2019) proposed a 4-AI model that identifies the main challenges related

to  AI  implementation;  these  challenges  involve  the  main  dimensions  of  society,  technological

implementation, law and regulations, and ethics. Each dimension consists of multiple subaspects of



which the implementers are advised to be aware while considering the implementation of specific

applications. In this regard, the implementation of AI in the public sector is a complicated issue

requiring a wider understanding of the internal and external aspects of the organization. Mergel et

al. (2019) conducted comprehensive research on digital transformation, stressed the importance of

external drivers, and proposed a procedural pattern map. Given the emphasis on stakeholders in this

research, this pattern map comprehensively addresses the nuances of the public sector. Based on

this,  organizations  such  as  PESs  are  under  pressure  to  undergo  digital  transformation  to  stay

relevant, to be responsive to changing demands, and to respond to external pressures. Typically, the

transformation involves digitizing artifacts and processes, transforming bureaucratic culture, and

developing  digital  competencies  and  mindsets.  Based  on  this,  organizations  such  as  Public

Employment Services (PESs) are under pressure to undergo digital transformation to stay relevant,

to be responsive to changing demands, and to respond to external pressures. The utilization of open

data  plays  a  pivotal  role  in  these  transformations,  enabling  the  digitization  of  artifacts  and

processes, the transformation of bureaucratic culture, and the development of digital competencies.

In  the  PES  sector,  a  focus  on  data  accessibility  is  crucial  to  create  AI-enabled  services  that

experiment with different models for improved service delivery. Tropp, Hoffmann, and Chochia

(2022) emphasize  that  the  strategic  management  of  open data  is  essential  for  facilitating  these

changes, highlighting its impact on streamlining operations and enhancing service delivery within

the  public  sector.  Although  the  private  sector  has  made  significant  efforts  to  adopt  AI  and

implement  digital-transformation  plans,  these  efforts  are  not  directly  transferable  to  the  public

sector (Zuiderwijk et al., 2021). 

According to Mikalef et al. (2019), when it comes to the implementation of AI, before suggesting

the most effective methods for deploying AI solutions and facilitating their adoption, it is essential

to identify the areas in which AI will play a central role. For example, a PES could implement

components using AI technologies into multiple internal or external services; however, the overall

service-delivery architecture might require a more centralized strategy to offer combined services

that provide value to all stakeholders, such as employers seeking applicants, employees of the PES,

and  job  seekers.  Kesa  and  Kerikmäe  (2020)  highlight  the  inherent  challenges  posed  by  AI

technologies  to  GDPR  compliance,  emphasizing  the  need  for  public  employment  services  to

consider  these  challenges  when implementing  AI-enabled  services  to  ensure  adherence  to  legal

standards  of  transparency  and  data  protection.  Moreover,  Chochia,  Kerikmäe,  and  Skvarciany

(2023)  emphasize  the  integration  of  sustainable  practices  within  organizational  management,

emphasizing the necessity for public employment services to adopt AI solutions that are not only

technologically advanced but also socially responsible and environmentally sustainable.



2.2 AI in the PES sector

In recent years, there has been a growing interest in exploring the potential of AI technologies in the

PES sector  (Desiere  & Struyven,  2021)  (Flügge,  2021)  (Körtner  & Bonoli,  2021)  (Urquidi  &

Ortega, 2020). According to (Broecke, 2023), the implementation of AI in job matching is still in

the early stages of development, and it faces two main barriers: (1) a lack of preparedness among

organizations and associated individuals to utilize these tools and (2) doubts, risks, and concerns

about the technology and its potentially negative consequences. Based on the available scientific

and industry resources, only a few PESs in Europe have implemented AI technologies to assist job

seekers. Firstly,  the  Vlaamse  Dienst  voor  Arbeidsbemiddeling  en  Beroepsopleiding (VDAB)  in

Flanders  has  integrated  AI  into  its  services  with  the  Competency-Seeker  tool,  which  analyzes

resumes to suggest implicit skills, and the Jobbereik app, which recommends alternative jobs and

required training for career moves. Secondly, France's  Pôle Emploi has implemented the  Analyse

Automatique of CVs (AACV) tool to identify unmentioned skills on CVs based on job history,

achieving a 68% satisfaction rate. Lastly, the Switch to Sweden project exemplifies a successful

private-public  partnership  utilizing  AI  for  efficient  matchmaking  between  job  seekers  and

organizations (Linköping Science Park, 2023).

2.3. The PES in Estonia

The Estonian Unemployment  Insurance Fund (EUIF) is  a  quasi-governmental  organization  that

provides labor market services to various segments of the Estonian population. These segments

include the unemployed, job seekers, employees, employers, and youth. Though independent of the

Estonian  government,  the EUIF operates  based  on the Unemployment Insurance Act  (Estonian

Parliament, 2002) and the Labor Market Services and Benefits Act (Estonian Parliament, 2006).

These laws outline the unemployment insurance system of Estonia, employment mediation, and

other related services. The EUIF's primary mission is to mitigate unemployment and its duration in

Estonia, foster economic transitions, enhance the quality of the labor supply, and improve cost-

effectiveness (Estonian Unemployment Insurance Fund, 2022c). It accomplishes these objectives by

implementing active labor market  policies,  providing subsidies,  and performing work-capability

assessments. These three categories encapsulate a variety of services, including but not limited to

employment  mediation,  career  guidance,  the  provision  of  labor  market  training,  and  the

administration  of  degree-study  allowances,  business-startup  subsidies,  unemployment-insurance

benefits, and unemployment allowances (Estonian Unemployment Insurance Fund, 2022a).



2.3.1. AI in the EUIF

In accordance with Estonia's national AI strategy (Government CIO Office, 2019), the machine-

learning-based tool OTT (Estonian abbreviation for decision support tool) was designed to assist the

EUIF (E-Estonia, 2021). OTT is accessible only to consultants working in the EUIF. It predicts job-

seeking individuals' likelihood of finding work and identifies factors affecting this probability. It

helps EUIF consultants provide personalized recommendations to clients,  streamlines workflow,

and  enhances  overall  efficiency.  It  categorizes  clients  into  different  groups  based  on  risk

assessments,  allowing consultants to prioritize their  cases and create bespoke recommendations.

Utilizing AI, particularly the random forest machine-learning algorithm, OTT was developed and

validated using five years' worth of unemployment data. The model takes into account 60 unique

attributes  and indicators to  assess  each job-seeking individual  and compute their  probability  of

securing new employment (Nortal, 2021). The EUIF has been involved in two other substantial AI-

focused initiatives: MALLE (Estonian abbreviation for machine learning in labor economics) and

MAITT (Estonian abbreviation for machine learning and AI supported services). MALLE assesses

the impact of labor market services on the likelihood of reemployment among the unemployed,

thereby facilitating more efficient resource allocation for such services (Estonian Unemployment

Insurance  Fund,  2022b).  Conversely,  MAITT,  a  project  undertaken by the  University  of  Tartu,

employs machine learning and AI to calculate the risk of unemployment among those currently

employed (Tartu University,  2022).  Thus,  it  can be inferred that the EUIF's participation in the

Estonian  national  AI  strategy  has  augmented  its  AI  capabilities,  introduced  new AI  tools,  and

created  opportunities  for  collaboration,  enabling  it  to  deliver  services  with  greater  efficiency.

However,  because  these  services  are  designed  mainly  for  consultants,  they  are  only  remotely

connected to actual clients, such as the unemployed, job seekers, employees, employers, and youth.

3. Methodology

To select appropriate data collection methods, we considered the end goal of digital transformation,

which  encompasses  concentrating  on  fulfilling  user  needs,  introducing  novel  modes  of  service

delivery, and enlarging the user base (Mergel et al., 2019). When defining requirements for PESs,

taking this goal into account not only establishes the need to consider both internal and external

stakeholders but also sets requirements for the methods themselves, because different target groups

require tailored methods of engagement for data collection; for example, conducting interviews to

reach a  significant  number  of  job  seekers  would  pose  a  challenge.  We elaborated  on  how the

disciplines of technology, public administration, and legal studies shape our approach, ensuring a

holistic  view  that  spans  multiple  disciplinary  perspectives  in  Section  2.1.  Therefore,  to

comprehensively address the research questions and fulfill the study's aim, we selected a mixed-



methods approach that combines qualitative and quantitative data collection methods. According to

(Venkatesh  et  al.,  2013),  combining these  two data  collection  methods  can  enable  information

systems researchers to draw more precise and informed conclusions. 

To  fulfill  the  aim  of  this  study,  a  literature  review  was  undertaken  to  establish  a  theoretical

framework.  Given  the  absence  of  robust  frameworks  that  focus  on  the  requirements  for  PES

services, this study designed a framework for empirical investigation (Figure 2). 

To address RQ1, we used two data collection methods. In March 2023, an online survey gathered

quantifiable  data  from job  seekers,  which  distributed  through  two  prominent  Facebook  groups

widely used by locals and expatriates in Estonia. The first group, “Expats in Tallinn/Estonia”, had

approximately  19,900  members  and  served  as  an  active  platform  for  sharing  everyday  life

information. The second, “Jobs in Estonia”, included about 29,700 members and focused on the

Estonian job market; it  was anticipated that these groups would provide a diverse and unbiased

sample of the Estonian population. In April 2023, semi-structured interviews with industry experts,

higher education, and public authorities representing employers were conducted. For the interviews,

experts  who were well  experienced and knowledgeable in the field of skills  development  were

chosen based on their years of experience in the industry. Statistical analyses of the survey data and

thematic analysis of the interviews identified six key themes: technological issues, workforce and

Figure 1: Mixed-methods research design for 
empirical investigation



skills,  collaboration  and  integration,  platform  improvement,  language  and  translation,  and

awareness  level.  For  RQ2,  in  May 2023,  we interviewed experts  with  EUIF-related  AI project

experience.  This  thematic  analysis  helped interpret  EUIF's  internal  requirements  for  AI-enabled

service implementation. In essence, the combination of these methods provided a more holistic and

nuanced understanding of the research subject. This understanding benefited from the breadth of the

survey data and the depth and context specificity of the interviews.

The survey,  designed  for  job  seekers,  focused  on modern  PES services,  avoiding technical  AI

details  to ensure clarity.  Conducted in both Estonian and English,  it  included 26 questions  and

gathered 176 responses from a diverse geographic distribution.

Seven  individual  semi-structured  interviews  were  conducted  in  April  2023  with  experts  from

different  industry  sectors,  higher  education,  and  public  authorities,  all  with  over  10  years  of

recruitment experience (Table 1). 

Table 1: Main characteristics of interviewees

ID Expert's position Expert's organization

A Senior manager, information security A leading software development company, Estonia

B Head of recruitment, career center A leading financial organization, Estonia

C Team manager-BI analytics team A leading financial organization in Sweden and Baltic countries

D Recruiter A leading software development company, Estonia

E Recruitment specialist A leading software development company, Estonia

F Associate professor A leading university in Estonia

G CEO and HR consultant HR management consulting company, Estonia

In May 2023, eight AI development experts associated with the EUIF were interviewed to address

RQ2.  These  semi-structured  interviews  provided  detailed  insights  into  the  AI  implementation

requirements for PES (Table 2). 

Table 2: Main characteristics of interviewees

ID Expert's position Expert's organization

I1 Early Stage Researcher University

I2 Development Expert EUIF



ID Expert's position Expert's organization

I3 IT Development Manager EUIF

I4 Head Specialist EUIF

I5 Head of Department EUIF

I6 Analyst AI development organization

I7 Senior Researcher AI development organization

I8 Junior Research Fellow AI development organization

The  selection  of  these  experts  was  guided  by  their  associations  with  the  EUIF  and  their

contributions to various AI projects such as OTT, MAITT, and MALLE within the organization.

4. Results

4.1. External user group needs

The analysis of 176 survey responses revealed that 65.9% (116 respondents) had never used the e-

Tootukassa self-service, while 34.1% (60 respondents) had used it at least once. Among users, 31

were employed and 16 were unemployed. Employed users showed interest in job finding (48.9%)

and training  opportunities  (42.6%).  Of  the  60 users,  17  used  the  service  once,  and 43 used  it

repeatedly. Only 20 participants engaged in training programs, and 39 did not. Additionally, 32 did

not submit applications, while 21 did. Half of the users regularly updated their CVs, and 21 logged

in  for  job  searches  weekly  or  daily.   Feedback  highlighted  several  issues:  limited  job  posting

diversity, platform design and usability problems, information overload, outdated information, poor

language translation, frequent session expirations, and a slow login process. Users suggested more

training opportunities, better language accessibility, a mobile app, improved interface, and more

personalized features.

Based  on  the  thematic  analysis  of  the  data  collected  from the  individual  interviews  with  the

employers,  three  common  themes  were  identified:  workforce  challenges,  PES  challenges,  and

expectations  for  improving  the  PES.  Employers  face  significant  challenges  in  finding  skilled

candidates,  especially  in  IT,  where  demand  for  the  latest  technologies  is  high.  This  issue  is

compounded by the influx of irrelevant applications that do not match the required qualifications or

skills. To address these challenges, employers recognize the need to upskill and reskill their current

workforce.  The impact  of demographic changes,  such as an aging population and fewer young

workers,  further  exacerbates  the  workforce  challenges.  Additionally,  relocation  issues  due  to

extended  visa-processing  times  and  lack  of  support  for  families  were  noted.  The  current  PES



solution,  e-Tootukassa,  faces  several  issues.  The  job  ad  publication  process  is  burdened  with

excessive manual steps and is time-consuming. The platform lacks headhunting capabilities and

suffers from poor public awareness and limited use among HR departments. Technical issues, such

as  difficulties  with  keyword usage  for  CV promotion  and weak translation  services,  were also

highlighted. Employers suggested several improvements for the e-Tootukassa platform. Increasing

its popularity through career fairs and collaborations with schools could help connect employers

and candidates. Enhancing the platform's features, such as adding extended filtering tools, providing

guidance services, and integrating with HR portals, would make it more user-friendly. Improving

the design to be simple, clear, and attractive is also crucial. Public awareness campaigns and more

training programs developed in collaboration with educational institutions were recommended to

address skill gaps.

Table 3 - Themes from the individual interviews with the external user goups
Theme Details

Workforce Challenges Skills  shortages,  especially  in  IT  (B,  E,  G),  Need  for

upskilling/reskilling  (A,  B,  F,  E,  G),  Demographic  changes

impacting workforce (F)

PES Challenges Excessive  manual  processes  (E,  F,  G),  Lack  of  headhunting

support (A), Low awareness and popularity (A, C, D, E, G),

Technical issues with keywords and translations (C, G, F)

Improvement Expectations Increase  platform  popularity  via  career  fairs  and  school

collaborations  (C,  E,  A,  G),  Enhanced  features  and  better

design (A, B, D, G, B, C, E, F, G), Public awareness campaigns

(A,  C,  E),  More  training  programs  in  collaboration  with

educational institutions (A, D, E, F)

4.2. Cross-analysis of external needs

The cross-analysis examined the current state of the PES in Estonia, focusing on the needs of job

seekers and employers. Both groups provided crucial perspectives: job seekers highlighted usability,

limited  job opportunities,  quality  of  information,  language translation,  and insufficient  training.

Employers pointed out skill shortages, upskilling needs, and demographic changes. The analysis

identified six key overlapping themes: technological issues, workforce and skills, collaboration and

integration,  platform improvement,  language and translation,  and awareness  level.  Both  groups

emphasized platform usability, translation problems, and the need for more training opportunities.

Unique concerns included job seekers' issues with login processes and lack of relevant jobs, and



employers' focus on demographic changes and skill shortages. The summary of external-user-group

findings is categorized and presented in Table 3. 

Table 4: PES self-service needs of external-user groups

Job seekers Employers

Technological issues
Usability concerns, session expirations and login 

inconveniences, demand for a mobile application

Excess manual steps, unavailability of experts,

poor user experience

Workforce & Skills
Limited job opportunities, insufficient training opportunities,

request for more training courses and workshops

Skills shortages, need for upskilling and 

reskilling, demographic changes

Collaboration & 

Integration
Desire for integration with other employment platforms

Collaboration with schools and employers, 

integrating with HR portals

Platform 

Improvement

Need for functional enhancement before adding new 

features, improved visualization, personalized user interface,

more refined search features, display of who viewed their 

CVs, addition of salary details in job postings, resources on 

CV and cover-letter crafting, introduction of an e-newsletter

Career fair representation, competitive designs

and services, descriptive soft-skill analysis, 

extended filtering, guidance and consultancy 

including forecasts, personality evaluations, 

strong awareness campaigns

Language & 

Translation

Language translation issues, call for broader language 

accessibility, more English-language content
Weaknesses in translations

Awareness level Relatively low Negative publicity

This  comprehensive understanding allows for a more nuanced,  inclusive approach to  designing

improvements for the PES. It ensures that interventions will address the most critical and common

needs reported by job seekers and employers.

4.2. Internal requirements for AI

Through  deductive  coding,  we  identified  the  following  as  the  main  themes  of  the  interviews:

infrastructure,  personnel,  data  privacy  and  security,  legal  compliance,  change  management  and

funding. Upgrading existing infrastructure is crucial for AI integration, involving more than just

hardware and software updates. It requires competent IT systems, well-planned data architecture,

sufficient  IT capabilities,  effective  data  exchange  mechanisms,  backup  availability,  and  strong

relationships with hosting partners. The Estonian X-Road data exchange layer and the EUIF’s data

warehouse  are  particularly  significant.  Experienced  personnel,  especially  in  data  analysis,  are

essential  for  AI  development  in  PES.  This  includes  internal  team  members  and  potential

collaborations with external specialists who align with PES's culture and goals.  Legal challenges

include  ensuring  data  safety  and  privacy  compliance,  especially  with  external  developers.

Development  often  precedes  the  completion  of  the  legal  framework,  posing  an  issue.  Legal

compliance is imperative for the EUIF, a public sector organization. GDPR compliance, such as



obtaining client consent and depersonalizing data, is necessary but may affect system accuracy.

Change management involves managing AI acceptance among stakeholders, fostering trust in AI

solutions,  and  preparing  for  AI-induced  transformation.  Involving  end  users,  especially  career

counselors,  early  in  the  implementation  process  is  crucial.  This  transformation  requires  careful

planning and communication. Funding is a significant challenge, with a need for a long-term budget

for the EUIF, contrasting with fixed-term public sector financing. Adequate funding is crucial for

successful AI implementation. The AI-implementation requirements identified from the thematic

analysis are summarized based on identified main themes in Table 5. 

Table 5: AI-implementation requirements

Theme Requirements

Infrastructure Upgrade the existing infrastructure to support AI integration (I2, I3, I4, I5, I6).

Personnel

1. Engage experienced specialists, particularly in data analysis, for AI implementation (I1, I2, I3, I4) .

2. Consider partnering with an external organization for specialist resources while ensuring that the 

organization understands PES culture, goals, and processes (I1, I2, I3, I4)..

Data

1. Ensure availability of sufficient quantities of high-quality data for AI training and implementation 

(I3, I6).

2. Address challenges related to limited sample sizes due to the country's small population (I3, I5, 

I6).

Legal 

Compliance

1. Safeguard data privacy and compliance with GDPR and other relevant laws, especially when 

partnering with external entities (I1, I5, I8).

2. Develop strategies to prevent potential AI-enabled discrimination due to low-quality or biased data

(I4).

3. Consider legal frameworks before initiating the development and deployment of AI solutions (I2, 

I3, I4, I6).

4. Make sure the activities of the Estonian PES are in accordance with laws such as the 

Unemployment Insurance Act and the Labor Market Services and Benefits Act (I4).

Change 

Management

1. Manage acceptance of AI among stakeholders (I6).

2. Foster trust in AI solutions among development partners and end users (I2, I6).

3. Prepare the organization for the AI-induced transformation, including potential changes in work 

roles and tasks (I1, I3, I4, I6, I7, I8).

Funding
Secure adequate funding for the implementation of AI, keeping in mind the unique challenges of 

financing in the public sector (I1, I2, I4, I5).

5. Discussion

In this section,  we discuss the data gathered to create the requirements pyramid for AI-enabled

services in the PES sector, as illustrated in Figure 3. The comprehensive analysis of job seekers,

employers,  and AI experts'  perspectives provides a holistic view of the current state and future



needs  of  PES.  Job  seekers  emphasized  the  need  for  improved  job  opportunities,  usability,

information quality, language translation, enhanced features, broader language accessibility, training

opportunities, and a more user-friendly interface. Employers highlighted challenges such as skills

shortages, platform limitations, and expectations for improvements. Both groups converge on the

critical areas of usability, information quality, and training opportunities, indicating key focus areas

for  AI  enhancement.  Career  counselors  emerged  as  pivotal  users,  interacting  daily  with  PES

systems and witnessing external-user challenges firsthand. Their role in collecting requirements and

acting as change agents is vital for bridging technological innovation and user experience, fostering

trust and acceptance among stakeholders. AI experts identified essential internal needs, including

upgrading infrastructure,  engaging experienced data  analysts,  ensuring high-quality  data  access,

safeguarding privacy, legal compliance,  managing change, and securing funding. These insights

provide a strategic view that encompasses both technical and socio-organizational aspects of AI

implementation. 

Figure 2 presents the requirements pyramid, illustrating the continuous refinement process of PES

services.  The  feedback  loop visualizes  the  dynamic  nature  of  AI-enabled  service  development,

where user requirements are filtered and contextualized by AI experts. This ensures that the needs

are feasible and optimally addressed in the AI solutions, emphasizing the critical role of AI experts

in aligning technological capabilities with user demands.

6. Conclusion

In  the  existing  literature,  while  some  researchers  have  explored  aspects  of  PES  e-services

(Danneels,  L.,  Viaene,  S.,  2015)  (Wallinder,  Y.,  Seing,  I.,  2022)  (Leinberg,  J.,  2016),  from  a

Figure 2: Pyramid of iterative requirements for building AI-enabled 
PES services



theoretical perspective there remained a notable gap in robust methodological approaches that focus

on defining the requirements for services offered by PES. Hence,  we created a mixed-methods

research  design  for  empirical  investigation  specifically  for  the  collection  of  requirements  from

external user-groups and internal experts of PES (Figure 2). Our study illustrates the complex set of

requirements  for  the  successful  implementation  of  AI-enabled  services  in  the  PES sector.  Our

findings  underscore  the  importance  of  including  a  variety  of  stakeholders  in  the  requirement-

collection  process;  each  stakeholder  group  contributes  unique  insights  and  poses  different

challenges.  This  aligns  with  our  first  contribution,  where  our  comprehensive  mixed-methods

analysis  integrates  the  perspectives  of  these  diverse  groups,  providing  a  holistic  view  of  the

requirements  for  AI-enabled  services  in  PES.  Job  seekers,  employers,  AI  experts,  and  the

overlooked stakeholders—career counselors and training providers—all play vital roles in shaping

the future of AI in PESs.

Through  the  use  of  a  mixed-methods  methodology,  this  study  successfully  highlights  the

intersections and divergences among the needs  of these stakeholders.  The distinct  needs of job

seekers  and employers  constitute  the  foundation  of  our  conceptual  pyramid,  which  focuses  on

usability,  language,  and  accessibility  concerns.  The  insights  of  career  counselors  add  a  layer

between AI experts and employers. This directly ties into our second contribution, emphasizing the

overlooked  role  of  career  counselors  as  intermediaries  who understand  both  technological  and

human aspects  of  the PES ecosystem.  Further,  AI experts  contribute  a  more technical  layer  of

requirements,  ranging  from infrastructure  upgrades  to  data  quality  and  legal  compliance.  This

multifaceted view of the requirements for AI implementation in the PES sector, visualized as a

pyramid  with  feedback  loops,  provides  a  roadmap  for  PES  organizations  initiating  similar

transformations. Our third contribution is evident here: the study promotes iterative requirement

gathering and highlights the need for PES organizations to adapt continually, echoing the feedback

loops  in  our  model.  By  systematically  addressing  these  requirements,  PESs  can  maximize  the

potential of AI to enhance services, improve user experience, and ultimately better serve the needs

of job seekers.

Although  our  study  provides  valuable  insights,  based  on  various  stakeholders,  into  the  set  of

requirements for building modern PES services, it is not without limitations. First, the study focuses

on the Estonian PES, and although the insights obtained are valuable, they might not be wholly

applicable  to  countries  with  different  levels  of  technological  maturity,  different  socioeconomic

contexts, and different labor market conditions. To develop an EU-wide perspective, future research

could include countries with varying levels of e-governance maturity. Second, we interviewed a



limited number of participants, especially on the employer side. Hence, their opinions may not be

fully representative of the concerns and expectations associated with the Estonian labor market.

Third, during the primary data collection, it was discovered that two additional target groups should

be added to the requirement-collection process: career counselors and training providers. Including

their perspectives in future research and considering their perspectives will be of great benefit to the

design and deployment of AI-enabled services in the PES sector. 
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ABSTRACT

Artificial Intelligence (AI), in the public and private sectors, creates new opportuni-
ties worldwide. One of such domains where the elements of AI play a critical role
are recommendation systems related to finding a new job and offering training sug-
gestions. Based on current literature, only a few attempts are made to implement
intelligent recommendation systems in public sector environments such as employ-
ment agencies. In this regard, the existing state-of-the-art models should be explored
for creating AI-enabled e-services helping unemployed citizens to find suitable jobs
or to receive training suggestions based on their profiles. While job recommendation
and training suggestion is still a constantly evolving area of research, the task of the
current study is to support this research domain by firstly mapping the state-of-the-art
AI techniques used in the current job and training recommendation system research
literature. Secondly, in collaboration with multiple stakeholders in the Estonian public
sector and universities from Latvia and Finland to conceptualize citizen-centered public
service architecture that uses AI and is accessible to every European citizen.

Keywords: AI, Recommendation system, Virtual competency assistant, Labour market

INTRODUCTION

With the recent pandemic, many people have lost their jobs and are forced
to find new career opportunities. In 2021 the global shortfall of jobs cau-
sed by the crisis was projected to stand at 75 million (International Labour
Organization, 2021), which creates the need for better support by govern-
ment institutions such as employment agencies. Their support to date has
been built on human interaction between the citizen and career counselor
and electronic tools such as portals to register for state support and search
for a job. As we are increasingly moving towards proactive and automa-
ted services in building better e-governance related solutions, the complexity
related to how governments can satisfy the needs of their citizens in challen-
ging times needs addressing. As one of the pioneers in e-governance, Estonia
has only recently started implementing AI technologies into public e-services
using modern technological concepts such as Chatbots (Government CIO
Office of Estonia, 2019). Such concepts can be implemented parallel to
the already existing citizen’s portals. To date, such portals’ functionality is
incrementally being enhanced to meet the required functionality following
local legislation. However, they are currently not exploiting the benefits of

© 2022. Published by AHFE Open Access. All rights reserved. 128



The Use of Artificial Intelligence in Job Seeking and Competence Development 129

the technological revolution of artificial intelligence. This research aims to
establish a conceptualized view of citizen-centered service for people over
50 years old and integrate it into the already existing Virtual Collaborative
platform (Silver Hub).

Based on current literature, only a few attempts are made to implement
an intelligent recommendation system in a public sector agency such as
employment agencies (Rodriguez, et al., 2019). In this regard, the existing
state-of-the-art models should be explored for creating new AI-enabled e-
services to help unemployed citizens easily find suitable jobs or get training
suggestions based on their profiles. The term recommendation system in
information technology literature first emerged in 1997 (Resnick & Varian,
1997) and is widely used for various purposes. However, based on (Dhame-
liya & Desai, 2019), a recommendation system and a job recommendation
system have the following key differences: (1) increased difficulty in pro-
viding ratings to jobs, (2) the importance of timeliness as seeking jobs is
time-critical and (3) compared to recommendation systems job recommen-
dation systems need to consider the characteristics of both the candidate
and job needs. Although mainly in the current literature, job and training
suggestions are often handled in separate research providing models. Still,
some authors, especially in the recent literature, combine job recommenda-
tion research with human skills (Dave, et al., 2018) (Giabelli, et al., 2021).
However, little is researched focusing on the aspect of the AI field specifi-
cally. For example, a systematic literature review done in 2020 categorized
the existing e-recruitment recommendation systems into four well-known tra-
ditional categories: Content-Based Recommendation (CBR), Collaborative
Filtering Recommendation (CF), Hybrid, Knowledge-Based Recommenda-
tion (KBR), and added the fifth category called Other Techniques (OT) where
all state-of-the-art AI-based recommendation system models were added,
including Machine Learning (ML), Artificial Neural Networks (ANN) and
Deep Neural Networks (DNN).

This paper focusses on literature where AI is used. In addition to focusing
only on AI in job recommendations, the work includes the latest develo-
pments in training suggestion systems. To tackle these topics mentioned
above, two research questions are formed:

RQ1. What data and models have been used in studies concerning the use
of AI in job and training recommendation systems?

RQ2. How to design a new set of AI-enabled proactive solutions for
supporting EU citizens with job recommendations and competence
development?

METHODOLOGY

Our broader research aims to build AI-enabled public career services, such as
Virtual Competency Assistants for the European labor market. Therefore, the
overall research methodology is chosen as Action Research, where we aim to
develop a technological artifact and intervention for the Estonian Unemploy-
ment Insurance Fund. For this research, we have been conducting a literature
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survey, semi-structured interviews, and workshops building upon previously
validated problems and gathered data for this research.

A literature survey is conducted to answer the first research question explo-
ring current state-of-the-art recommendation systems. For finding the most
significant articles, the query was limited to: (1) Title contains “recom-
mendation system,” (2) Optional keywords in title: “job, training, artificial
intelligence,” (3) Time range: All. In addition, the search sources were limited
to Scopus (40 matches in total) and Google Scholar (141 matches in total).
Finally, we excluded all studies which did not specify the AI methods, such as
ML,ANN, or DNN, used in their research and analyzed if the remaining arti-
cles had their data sets explicitly characterized. The total amount of articles
left in the study after elimination was 34.

The interviews were conducted with open-ended questions to get insi-
ght into current concerns and open ends to answer the second research
question. The interviewees were the representatives of Nordic Institute for
Interoperability Solutions, the Estonian Unemployment Insurance Fund, Tal-
linn University of Technology, the Estonian Qualifications Authority, and
universities from Latvia (Riga Technical University) and Finland (Häme Uni-
versity of Applied Sciences and South-Eastern Finland University of Applied
Sciences). In addition to the interviews, in total, three workshops were con-
ducted. The next step in broader research aims to build an AI-enabled Virtual
Competency Assistant for the European labor market.

RESULTS

What Data and Models Have Been Used in Studies Concerning the
use of AI in Job and Training Recommendation Systems?

The collection of data sources used in the research involved can be prima-
rily categorized into career-related social networks such as XING (Mishra
& Reddy, 2016) (Zhang & Cheng, 2016) (Polato & Aiolli, 2016) (Pacuk,
et al., 2016) (Xiao, et al., 2016), LinkedIn (Diaby, et al., 2014) (Heap, et al.,
2014) (Patel&Vishwakarma, 2020) and Facebook (Benabderrahmane, et al.,
2018). Another major category is job portals such as CareerBuilder (Shalaby,
et al., 2017) (Dave, et al., 2018) (Zhao, et al., 2021), Work4 (Diaby, et al.,
2013), (Diaby, et al., 2014), (Dong, et al., 2017) (Benabderrahmane, et al.,
2018), beBee (González-Briones, et al., 2019) and JobStreet (Bakar & Ting,
2011). Some researchers used historical job transitioning data to predict the
next jobs. However, others included different historical activities such as user
clicks (Xiao, et al., 2016) (Benabderrahmane, et al., 2018) (Shalaby, et al.,
2017) (Jiang, et al., 2019), passed training records (Benabderrahmane, et al.,
2018) and history of former applications (Nigam, et al., 2019). Based on
the results of data sources, one singular, remarkable event stands out from
another research. In the year 2016, a particular topic of Job Recommen-
dation was co-organized by the social network XING in a yearly challenge
called RecSys’161, held in the US, contributing six papers to improve job

110th ACM Conference on Recommender Systems, Boston, MA, USA, 15th-19th September 2016.
https://recsys.acm.org/recsys16/.
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recommendation with modern AI tools (Mishra & Reddy, 2016) (Zhang &
Cheng, 2016) (Polato & Aiolli, 2016) (Liu, et al., 2016) (Pacuk, et al., 2016)
(Xiao, et al., 2016).

Several investigated studies combine traditional recommendation system
approaches (CF, CBR, KBR, and Hybrid) with new AI techniques. (Paparri-
zos, et al., 2011) trained a machine learning algorithm using linear Support
Vector Machines (SVM) to improve the performance and results of the CBR
recommendation system. Another study created a multi-agent system capable
of learning through the CBR model using ML with argumentation network
(González-Briones, et al., 2019). Five distinct studies improve the CF model
with AI techniques:

• (Mishra & Reddy, 2016) created gradient boosting algorithm by appl-
ying linear regression and gradient boosting methods while using Random
Forests for missing values.

• (Shalaby, et al., 2017) used content-based similarity measure, which is
learned by the DL approach to computing the similarity scores from
multiple data sources that capture users’ behavior and resumes and jobs
content while proposing a homogeneous graph-based recommendation
architecture.

• (Hossain & Arefin, 2019) applied association rule mining to find posi-
tive frequent skill sets and train collaborative filtering model with logistic
regression and linear SVM model to classify the posted jobs to positive
and negative.

• (Patel & Vishwakarma, 2020) showed a concise review of CF rating
prediction-based job recommendation system and their execution utilizing
a tool called RapidMiner.

• (Appadoo, et al., {2020) made use of NLP and correlation between
mapping user skills with the job requirements and accounts for related
skills.

Three different studies used AI techniques with Hybrid models (traditional
CF and CBR), combining them with: (1) Word2Vec, Latent Semantic model
(LSI) (Zhang & Cheng, 2016), (2) statistical relational learning (SRL) models
(Yang, et al., 2017) and (3) clustering together with text mining techniques
(Tondji, 2018).

Bayesian Network Model is involved in two separate studies for (1) pro-
posing the optimal soft skills (Bakar & Ting, 2011) and (2) for improved
performance evaluation (Qin, 2017). The latter included an additional fuzzy
neural network model with mathematical optimization and SVM, which is
similarly used in (Diaby, et al., 2014). Model training using Cosine Simila-
rity is explored in (Heap, et al., 2014) and (Polato & Aiolli, 2016). NLP
is used in three separate studies focusing on: (1) extracting meaningful data
from job postings using text-clustering methods (Mhamdi, et al., 2020), (2) in
combination with correlation mapping user skills with the job requirements
while considering related skills (Appadoo, et al., {2020) and (3) assigning
“interaction points” with different values to the various elements in a CV
(Hernández, 2016). Neural Networks are used as follows:
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• RNN is used by (Liu, et al., 2016) to explore the RNNs approach to
capture job-vacancy behavior patterns and by (Feng, et al., 2021) to
map a student questionnaire to a weight d in combination with K-means
clustering of vacancies to help students find optimal jobs collection.

• ANN is used: in combination with Logistic Regression to predict the suita-
ble workout for each beginner in fitness using the Fitness Assistance system
(Tran, et al., 2018) and for processing data from tested questionnaires
to provide accurate recommendations for an internship place (Permana,
2019).

The first study using DL emerged in the field, proposing instead of the pro-
babilistic models a DNN to predict future values of the clicks on job boards
(Benabderrahmane, et al., 2018) (Benabderrahmane, et al., 2018). (Zhao,
et al., 2021) construct a DL embedding model with domain-specific vocabu-
lary to process information from CV-s and vacancies. (Nigam, et al., 2019)
address an internal company-related solution and highly volatile job market
while introducing a new machine learning model called Bidirectional Long
Short Term Memory Networks (Bi-LSTM), which used candidate-job prefe-
rence to propose future recommendations. (Shalaby, et al., 2017) use DL to
compute the similarity scores from multiple data sources that capture users’
behavior and CV and vacancy content.

How to Design a New Set of AI-Enabled Proactive Solutions for
Supporting EU Citizens With Job Recommendations and
Competence Development?

In Estonia and many other countries in the EU, a standardized occupatio-
nal classification ISCO-08 is being used for multiple purposes such as its
widespread acceptance, statistical simplification across organizations, etc.
However, from mid-2021, another classification called ESCO2 is strongly
recommended and, to some extent, mandatory classification for EU mem-
ber states. The key difference between ISCO-08 and ESCO is that there
are also skills and qualifications included in addition to occupational titles.
As today’s employment agencies have only used ISCO codes and occupati-
onal titles, there is a lack of matching citizens’ skills to specific vacancies
or training for improved recommendations. According to NIIS, another
EU-wide component that could assist in building EU-wide citizen-centered
services is eDelivery. This set of specifications, standards, and software can
enable secure data exchange between public registers, AI-enabled services,
and citizen-centered platforms. Surprisingly eDelivery is already used for
data exchange between employment agencies to determine the social secu-
rity rights of persons in a cross-border situation. However, this solution is
integrated into national social security systems and not directly related to
citizen-centered services.

Interestingly, in some EU countries, including Estonia, the EU citizens can
log in to the employment service with their national authentication solution,
which must comply with IDentification, Authentication, and Trust Services

2ESCO is a European Commission project classifying skills, competences and occupations while covering
27 languages in the EU.
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Figure 1: Conceptualized view on AI-enabled services accessible through Silver Hub.

(eIDAS) regulation and be certified by Certificate Authority. Combining such
EU-wide components create the opportunity for AI-enabled service provisi-
ons and could be integrated into modern platforms. In one of the workshops
with the Estonian Unemployment Insurance Fund representatives, we achie-
ved a crucial necessity to targeting the labormarket’s less capable target group
– the 50+ years old. After investigating this idea in a workshop with colle-
agues from local and international universities, we achieved the standpoint
to establish a pilot version of AI-enabled competency services, integrating
them to a Virtual Collaborative platform (Silver Hub). During the Interreg
Baltic-Sea Region project, Tallinn University of Technology developed the
platform- “OSIRIS: Supporting the Smart Specialization Approach in the
Silver Economy to Increase Regional Innovation Capacity and Sustainable
Growth.”

DISCUSSION

In our previous research, we analyzed the current situation in the Estonian
Unemployment Insurance Fund and proposed an initial model for a national
VCA (Liutkevicius & Erlenheim, 2021). The main difference between Esto-
nia and other countries in the EU is the usage of Estonian data exchange
layer X-Road that is in use in Estonia for receiving citizen’s data from diffe-
rent registers (i.e., occupational data from the Tax and Customs Board and
educational data from the Ministry of Education and Research). This makes
receiving the data for building AI models for VCA easier because the data
already exists in a structured form. In this research, we gained initial feed-
back from other EU member state countries (Finland and Latvia), the Nordic
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Institute of Interoperability Solutions (NIIS). Therefore, we can expand our
concept to the international level (Figure 1).

CONCLUSIONS

This paper analyzed the existing research on job and training recommen-
dation systems and conceptualized views on AI-enabled services supporting
citizen-centered career services. The work is a step closer to bringing the servi-
ces of employment agencies to the next level. Our objective is to target the
50+-year-old EU citizen by integrating the AI-enabled services to the alre-
ady existing platform Silver Hub using the benefits of eIDAS authentication,
eDelivery data exchange security, and ESCO. Besides having occupations
and other essential background information about citizens, using ESCO, we
additionally include skills and qualifications for improved recommendations
using the new virtual assistant – Virtual Competence Assistant (VCA). In
that way, if an EU citizen logs into the portal and presumes that her natio-
nal employment agency has been successfully implemented, she can select the
relevant skills based on the suggestions received from her background (former
occupations and education from state registry) and start receiving recom-
mendations for the next career choice. The VCA-s will proactively make
personalized training and job recommendations using the citizens’ personal
background information. In addition, we see the opportunity to develop a
national career chatbot called CareerBot for more efficient career counseling
performing standardized career suitability tests, and suggesting sources of
information that can help find a new career. As many employment agencies
have recorded the phone calls of career counselors, they can be transcribed
and used for AI model training. For that, a separate state of the art resea-
rch is required, which was not in the scope of this paper. Nevertheless, such
a solution can be added with similar means as VCAs. Consequently, we are
creating a new set of AI-enabled solutions, which will enhance data exchange
and public service provision for European citizens.
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ABSTRACT

This paper addresses the critical gaps within public employment services (PES), with a
particular  focus  on  the  deficiency  in  automation  and  AI-supported  intelligent  career
recommendations.  Notably,  the advancements in this public sector's domain remain in
their early stages, necessitating further exploration and development. The study sheds
light on the underutilization and challenges faced in the  PES sector, where scarcity of
training  data  poses  significant  hurdles.  Highlighting  the  potential  of  ESCO (European
Skills,  Competences,  Qualifications,  and  Occupations)  classification,  the  paper
underscores its role in facilitating the alignment of occupations with specific skills through
AI-driven approaches. By narrowing the training data to ESCO's research occupations
and job posts collected from Estonian labor market, the paper lays down the preliminary
foundation  for  constructing  a  digital  career  coach  as  a  Virtual  Competence  Assistant
(VCA). Ultimately, the envisioned proof of concept for an AI-based VCA holds the potential
to revolutionize the delivery of PES services in the new era of efficiency and effectiveness.

Keywords: Public Employment Services, Virtual Competence Assistant, ESCO, Labor Market, AI.

INTRODUCTION
In the rapidly changing landscape of the 21st century, competency development
has emerged as a fundamental element driving individual and societal progress.
Technological  advancements,  economic  shifts,  and  dynamic  job  markets
necessitate  a  highly  adaptable  and  skilled  workforce.  Unlike  the  past  where
qualifications ensured prolonged job security, the present reality emphasizes the
crucial  nature  of  competency  development.  This  development  is  integral  to
personal  growth,  career  advancement,  economic  prosperity,  and  social  well-
being. With the increasing integration of automated services, attention needs to
be  directed  toward  addressing  citizens'  needs  during  challenging  times,
particularly in the realm of  public  employment  services (PES) supporting the
unemployed.  The  EURES  Regulation's  Article  19  and  its  Implementing
Decisions, endorsed by the European Commission in July 2018, introduce the use
of  the  European Skills,  Competences,  and Occupations  (ESCO) classification
system [1]. It is crucial to highlight that ESCO serves not only as a taxonomy,
formalizing  hierarchical  relationships  among  concepts  and  specifying
terminology,  but  also as  an ontology,  identifying and distinguishing concepts
based on their relationships to each other [2]. A crucial deadline of 31st of July,
2021  has  been  set  for  Member  States  to  map  their  national  occupational
classifications or national skills classifications to ESCO, or they could choose to
directly adopt ESCO for effective implementation.  Many developments in the
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PES sector are already promising in various aspects such as profiling jobseeker’s
probability  of  finding work [9][10]  and a  more  general  impact  evaluation of
active labour market measures [11]. An example of a system that aims to develop
an automated skills-based matching tool  is  the Europass portal  [23].  Member
States are mandated to supply job vacancies and CVs using ESCO codes, which
define occupations and skills. These developments have however little influence
in making the national PES services more efficient. Moreover, certain scholars
are  currently  directing  their  attention  towards  the  potential  of  ESCO  in  the
categorization of occupational postings and corresponding skill sets [12][13][14]
[15]. However, these developments are independent of the specific constraints
and  requirements  set  by  PES.  The  incorporation  and  integration  of  artificial
intelligence (AI) into PES activities bring forth a multitude of advantages and
benefits,  contributing  significantly  to  the  enhancement  and  optimization  of
various  operational  aspects  and  outcomes  [8].  The  European  Union  (EU)
Commission  plays  a  crucial  role  by  providing  guidance,  coordination,  and
financial support to ensure that national PES activities align with broader EU
employment and social policy objectives. Nevertheless, the duty of designing and
executing  employment  services  lies  within  the  jurisdiction  of  national
governments. Estonia has recently announced a new vision called  ‘Personaalne
Riik’ (Personal  Country),  where  the  idea  is  to  take  advantage  of  the  latest
technologies already used  in the private sector and develop the public services
using smart solutions to be modern, efficient and based on the needs of the user
[3]. Within the Estonian Unemployment Insurance Fund (EUIF), The Estonian
PES, individuals registering as unemployed are required to provide information
about  their  job  preferences  through  an  e-service  called  ‘e-töötukassa’ [4].
Moreover, the service is accessible to all residents and citizens of Estonia. Since
the service is linked to the national data exchange layer service (X-Road), the
users of that service can effortlessly import data on their prior work experience
and  education  [5].  Subsequently,  individuals  are  assigned  to  a  case  worker
consultant who personally discusses next career options. The limitation of this
manual approach lies in the frequent occurrence of individuals aspiring to acquire
skills diverging from their educational and experiential background. To address
this  issue,  the  development  of  an  AI-enabled  Virtual  Competence  Assistant
(VCA) aims to facilitate citizens in effortlessly discovering suitable employment
opportunities or receiving training suggestions tailored to their profile. The aim
of this  research is  to  lay down the preliminary foundation for  constructing a
digital career coach as a VCA for job recommendations considering the specific
constraints and requirements of PES in Estonia which has been in our focus in
previously published research  [24][25]. Consequently, our research question is
‘what  approach  can be used to  design a  proof  of  concept  (POC) for  a VCA
recommending jobs for citizens in Estonia using the ESCO classification?’

METHODOLOGY
The research method employed allowed for the design of the POC for the Virtual
Competence  Assistant  (VCA)  within  a  simulated  environment  tailored  to  the
Estonian context. Given the challenge of working with Estonian language, a low-
resource  language  with  limited  available  data  from  the  labour  market,  the
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research utilized tools and models best suited to overcome this constraint and
optimize the effectiveness of the POC design process. 

STUDY FINDINGS

Data collection and cleaning
In  the  course  of  this  investigation,  obtaining  an  adequate  volume  of  job
advertisement data presented a challenge. Numerous websites in Estonia feature
job posts (JP); nonetheless,  not all  are accessible to the public. Starting from
2021 we retrieved job postings through the EUIF open data API [26]. This API
granted access to a significant volume of  JP with daily updates. However, in
November  2023,  the  API  was  unexpectedly discontinued from public  access.
Additionally,  despite  the  EUIF’s  JavaScript  Object  Notation  (JSON)  dataset
comprising 53 metadata fields, an issue was identified with respect to the linkage
to specific ISCO (The International Standard Classification of Occupations)  and
ESCO codes. ‘ESCO has been built as an extension of the International Standard
Classification  of  Occupations  (ISCO)’ [7].  Having  access to  specific  dataset
linked to classification identifiers would have made the  training of the data much
easier. It is crucial to underscore that EURES mandates the exchange of labor
information,  including active job post  data from EUIF, with the EU utilizing
ISCO and ESCO codes [6]. This implies that information pertaining to ESCO
codes  linked  to  job  posts  already  exists  in  the  backend  of  the  e-tootukassa
service.  The  identified  deficiency  was  communicated  through  meetings  and
correspondences with EUIF representatives already in 2021. Regrettably, the data
was still not added to the public job posts.  In addition to JP, we obtained the
classification dataset in CSV files from the ESCO portal, selecting the Estonian
language for analysis and later training of the model. 

In  the  data  cleaning  phase,  the  primary  objective  was  to  clean  and  remove
evidently irrelevant columns and documents from the gathered datasets. Firstly,
among all the collected JP data, only the most relevant information was retained
for the purpose of training models to identify skills with a clear correlation to the
skills in question. The job titles and descriptions were concatenated together and
in most cases, they were kept as they are. The texts were cleaned of unnecessary
whitespaces  and  commas.  Additionally,  when  the  job  description  was  not
presented  in  the  Estonian  language  it  was  dropped  from  the  end  document.
Secondly, from the ESCO dataset, the ’preferredLabel’ and ‘altLabels’ columns
were put together as a single column. The column ‘skillType’ was used to filter
with  the  value  ‘skill/competence’  to  get  only  skills  that  are  relevant  to  this
research study. Additionally, the data field ‘conceptURI’ was kept for later use
connecting the unique skills to the ESCO data portal which encompasses further
relations to specific occupations. All other columns were dropped as those were
not deemed to be data fields that would have provided additional accuracy for
skill classification. Thirdly, from the ESCO dataset, the fields  ‘prefferedLabel’
and ‘altlabels’ were used for identifying occupations. As most of the occupations
vary in the data quality we decided to narrow the identification only to scientific
occupations  which  were  well  described  from  both  ‘prefferedLabel’  and
‘altlabels’ fields. ESCO’s ‘researchOccupationsCollection’ table consisted of 122
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professions  such  as  ‘biomedical  engineer’,  ‘criminologist’  linked  to  a
comprehensive list of alternative labels. Howerer, since ‘altLabels’ were missing
translation  in the Estonian version. ChatGPT was used to translate the required
data into Estonian from the English ESCO version. Additionally, ESCO codes,
which are unique identifiers of occupations, were merged from main occupations
table of ESCO as they were not present in the ‘researchOccupationsCollection’
table.  During  this  research,  specific  information  of  CV-s  obtained  from  the
Estonian University websites, was used only to test the final model. 

Data preprocessing and model development
Upon analyzing the JP data, it became apparent that frequently, job descriptions
explicitly  outline  expectations  from  candidates,  specifying  mandatory  or
desirable skills. This kind of information allows for the identification of relevant
skills. In line with the study conducted by Zhang, Jensen, and Plank in 2022,
focusing on both Danish and English languages, similar findings were observed,
enabling the application of analogous logic to extract skills and knowledge from
sentences as shown on Figure 1 [13].
   The  job  postings  underwent  tokenization,  and  EstNLTK  morphological
analysis was employed to examine the linguistic structure of the job postings
[16].  Morphological  analysis  was  utilized  on  JPs  to  investigate  neighboring
words within the participle, detecting particular word combinations such as ‘noun
+ noun in a partitive case’. This analysis facilitated the extraction of additional
results to contribute to the input data for skill prediction models. The outcomes
played a role in a subtask related to information extraction within the field of
Natural  Language  Processing  (NLP),  specifically,  Named  Entity  Recognition
(NER).  The  primary  goal  of  NER tagging  is  to  identify  and classify  named
entities  within  the  text  into  predefined  categories,  such  as  individual  names,
organizational  names,  locations,  and  other  relevant  types  of  information.
Consequently,  we followed the Estonian language rules to establish a potential
combination of words that is corresponding as a skill. 

After  preprocessing  the  JP  data,  we  built  patterns  that  could  be  fed  into  the
Prodigy tool that  helps to train the model using the Named Entity Recognition
(NER) approach with the JP data as input so we could improve the identifications
of  skills  [19].  The  model  was  built  using  the  ‘EstSpaCy’  model  and  the
‘et_dep_ud_xlmroberta’  based  on  ‘xlm-roberta-base  transformers  library’  [17]
[18]. Finally, the model was evaluated by using a separate set of test data from
job postings by validating the skills that were outputted by the model.

Figure 1: Skill extraction from JP by the example of Zhang, Jensen, and 
Plank in 2022 [13]
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 In preparing the data for constructing the model to identify occupations from
CV-s, the initial step was to convert texts into tagged documents. This process
involved transforming  the  text  into  a  set  of  words.  Following  that,  common
words like articles and linking words were removed as stop words. Additionally,
words  with  a  length  of  2  or  fewer  characters  were  omitted.  Each  document
required a unique tag, and for this purpose, the index number of the document in
the dataset was utilized as the tag. In the decision process of which ML technique
to  use  we  explored  multiple  options  and  existing  models,  including  large
language models (LLMs), JobBert [14]. However, considering their undeveloped
capabilities  in  Estonian  language  and  low  reliability in  providing  adequate
relations between input data and ESCO entities especially in Estonian language,
we decided to use Gensim as a preliminary model to be used in the VCA [20].
Gensim  is  an  open-source  Python  library  designed  for  natural  language
processing  and  topic  modeling  which  is  particularly  well-suited  for  tasks
involving  large  text  corpora,  document  similarity  analysis,  and  unsupervised
machine learning applications [20]. The Gensim library offered the flexibility to
incorporate other tags into the document.  To build the model,  we followed a
similar  approach to  another  research  involving  the  assessment of  commodity
codes  using  HS  code  classification  which  is  similar  to  ESCO  [21].  In  our
scenario,  the ESCO code corresponding to the  item description served as the
second  tag.  During  training,  the  distributed  bag  of  words  (PV-DBOW)  was
employed as the training algorithm, and the number of iterations (epochs) over
the corpus was set to 40. The Doc2Vec model facilitated the discovery of the
most similar documents to the original text  [22]. We used ‘altlabels’ data for
training and ’prefferdLabel’ for testing the model. If we selected the original text
as ‘Kriminoloog’ and aimed to identify texts resembling it, the process involved
several  steps.  Initially,  the  original  text  underwent  preprocessing,  and  it  was
transformed into a vector using a pretrained Doc2Vec model. Subsequently, the
closest texts were determined by assessing cosine vector similarities between the
vector representation of the original text and other texts within the vocabulary.

DISCUSSION
Our research has previously explored the situation of PES services in the EU and
how implementation of  AI  can be pursued in  the  PES based on EUIF as  an
example.  An  important  purpose  of  this  paper  was  to  experiment  how
occupational classification ESCO can be used with ML technology in order to
recommend  relevant  JP  to  citizens.  The  paper  lays  down  the  preliminary
foundation  for  constructing  a  digital  career  coach  as  a  VCA  utilizing  the
compulsory  occupational  classification  for  the  EU  member  states.  Figure  2
illustrates an approach how this could be achieved taking into account the data
issues presented in both the EUIF and ESCO’s Estonian version. The research
shows  which  classification  components  of  ESCO  can  be  used  to  get  started
building the two separate models: 1. converting CV text into ESCO occupations
and 2. identifying skills from text based JP. As scientific occupations in ESCO
have the 122 occupations well described with a comprehensive list of labels, we
could get high similarity scores with the chosen Doc2Vec model. The JP model’s
biggest challenge was the quality of the JP text often lacking essential description
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of the tasks and requirements. Hence, the preprocessing needed a lot of manual
data annotation help which in our case was a resource intensive task. Following
the logic established in this research we propose the proof of concept of how a
VCA for recommending jobs to a citizen can be achieved in Figure 2. 

The concept involves the two models  outputting specific ESCO conceptURI-s
and  ESCO  occupational  codes  with  the  limitation  of  describing  specific
techniques to match the outputs together. Specific matching techniques require
further  investigation  which  was  not  in  the  scope  of  this  research  and  are
illustrated as dotted-line boxes in Figure 2.

CONCLUSION
In conclusion, many developments the European PES sector are leaning towards
the adoption of AI tools. However these tend to lean towards making the backend
tasks  more  efficient  and  not  so  much  designing  user-friendly  services.  Our
research  lays  the  groundwork for  a  personalized  recommendation  tool  VCA,
making ESCO the  default  classification.  Using tools  like  EstNLTK,  Prodigy,
SpaCy  and  Doc2Vec,  show  promising  outcomes.  However,  data  quality,
especially in ESCO’s 'altLabels,'  and JP descriptions need improvement  from
both the labor market and ESCO. Facilitating experimentation with such models
and  tools  is  crucial  to  make  the  services  offered  by  governments   modern,
efficient and based on the needs of the  citizen. However, given the closure of
access to Estonian JP data by EUIF during the collection phase of this research
and not making  specific dataset linked to classification  identifiers available for
training  purposes  clearly  illustrated  room  for  improvement  in  that  area.  In
essence, our study offers practical insights on how to initiate designing of the AI-
based VCA in the evolving landscape of PES.

Figure  2: The concept of a national VCA for recommending jobs

Figure 2: POC for an AI-Based VCA
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