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Context: Possessing up-to-date knowledge, skills and transversal competencies (KSTs) is essential for both the 

successful delivery of software projects and a career in software engineering (SE). However, the technological 

landscape is changing rapidly, posing continuous challenges: for professionals entering the market or pivoting 

careers, for organizations hiring and monitoring workforce expertise and for educational institutes designing or 

updating their curricula. Objectives: We study job requirements within and across SE occupations (Applications 

Programmers, Software Developers, Systems Analysts, Web and Multimedia Developers) to assist software or-

ganizations to better face skill mismatch and skills’ gap problems, software engineers in upskilling and reskilling 

endeavors and software education institutes in providing more industrially relevant curricula. Method: In this 

study, we leverage a large corpus of online job advertisements, which are jointly collected by CEDEFOP and 

Eurostat. The dataset is analyzed through the lens of concepts and techniques from the study of biodiversity of 

species to assess the variation of expertise and identify skills that are transferable or unique in these occupations. 

Specifically, we adopt established diversity indices, such as alpha diversity, beta diversity, ordination methods, 

and indicator species analysis, aiming to quantify both the variety of skills within occupations and the differ-

ences across them. This approach highlights both the breadth and distinctiveness of expertise across occupations, 

rendering the biodiversity perspective a central and practical part of our methodology. Results: The results re-

veal that the complete list of KSTs that is used to characterize the profiles of OJAs for SE-related occupations is 

very broad and that skillset required for each occupation is quite distinct, since there are statistically significant 

differences in the composition of the skillsets. Transversal Skills and Competences (T) appear to be the most 

transferable qualification; or “adapt to change” and “work in teams” are the KSTs that appears more uniformly 

to all studied software occupations, and “computer programming” is the top hard-skill that appears more uni-

formly to all occupations. However, each occupation shows some specific qualifications. Conclusion: The re-

sults are contrasted against the literature, are interpreted, various implications to researchers and practitioners are 

provided, and a retrospective analysis of the tailoring of the biodiversity approach to SE labor landscape is pro-

vided. Overall, the proposed biodiversity analysis adds value by providing a novel, theory-driven methodology 

to assess skill variation, identifying both common and occupation-specific KSTs, and supporting evidence-based 

workforce and curriculum design. 

Keywords: job requirements profiling, transferable skills/competences, diversity indices, ordination methods, 

indicator species analysis, CEDEFOP, Eurostat  
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1. Introduction 

Seeking to work as a software engineer (SE) implies that you are selecting a career route that resembles trying to 

hit a moving target by continuously changing your arsenal. Technological shifts in software development are so 

frequent, and in some cases so radical, that regular upskilling and reskilling of software professionals is required, 

to survive in a constantly changing environment [65, 69]. These changes can stem from various sources, such as 

new hardware that hosts the software (e.g., embedded, IoT, etc.), new platforms for deploying the software (e.g., 

web, mobile, cloud, etc.), new languages and frameworks (e.g., Python, Rust, ReactJS, Angular, etc.), new busi-

nesses for the software (e.g., healthcare, data analytics, games / multimedia, social, etc.). However, older tech-

nologies are very “hard to die”, since legacy applications are in continuous maintenance and in use for various 

decades (e.g., various banking systems are still maintained in COBOL, and successful systems are maintained in 

system-specific languages, like SAP ABAP). Consequently, software development organizations face more ab-

ruptly the “skills’ gap” and “skills’ mismatch” phenomena that are rapidly growing in any domain in EU [72, 

85]. HR departments of software development organizations need to be sure that they are specifying the correct 

job requirements for a given occupation (e.g., web developer) and assess if their workforce is “covering” all the 

job requirements for an up-to-date software house [75]. The (newcomer) software engineers face symptoms of 

frustration when inspecting diverse job advertisements, whose qualifications cannot be met and are confused 

when attempting reskilling or upskilling [60] in the context of a career pivot. Finally, software education provid-

ers are seeking to develop industrially relevant curricula that provide all the required knowledge, skills and com-

petences to “shape” the future software professionals [31]. 

Based on the above considerations (Problem Statement Conceptualization), in this study, we analyze the diversi-

ty of Knowledge, Skills and Transversal Competences as structured in the European Skills / Competences, Quali-

fications and Occupations (ESCO) taxonomy for the purpose of comparing and profiling job requirements with-

in and across four Software and Applications Developers and Analysts occupations as classified by the Interna-

tional Standard Classification of Occupations (ISCO-08) taxonomy in the context of the software engineering 

workforce, from three different points of view: (a) software development organizations, (b) newcomer software 

engineers, and (c) software education providers. To address the dual objective, we formulated the following Re-

search Questions (RQs): 

[RQ1]  How does the variety and distribution of Knowledge, Skills and Transversal Competences qualifications 

differ within (RQ1.1) and among (RQ1.2) Software and Applications Developers and Analysts occupations? 

[RQ2]  Which Knowledge, Skills and Transversal Competences signify (RQ2.1) are transferable across multiple 

Software and Applications Developers and Analysts occupations, and which Knowledge, Skills and 

Transversal Competences imply (RQ2.2) prototypical specialization within specific occupations?    

As the means to respond to this need (Solution Conceptualization, see Figure 1), we borrowed concepts from 

ecology on the biodiversity of species to match the context of software engineering workforce. Biodiversity is 

fundamental to ecology, as it represents the variety and heterogeneity of life forms within an ecosystem encom-

passing a plethora of aspects including the number of unique species, their relative abundance, and the interac-

tions and ecological processes that sustain them over different spatial and temporal scales [66]. The key concepts 

in biodiversity research are: (a) the ecosystem; (b) the habitats; (c) the community; (d) the species; and (e) the 

environment [21]. In ecological studies, the term ecosystem refers to the interaction between a community of 

living organisms and their environment. The ecosystem is of primary focus regarding biodiversity issues, and it 

is analogous in our study to the software industry (see Figure 1). Within an ecosystem, specific places where 

interconnected species (community) live are called habitats. In our context, habitats represent the software pro-

fessional occupations that are in demand within the software industry. These occupations (habitats) host skillsets 

(communities) of interconnected job requirements described as skills and competencies (species) in online job 
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advertisements. Although the investigation of the term environment is beyond the research scopes of this study, 

factors such as temporal, geographical, employer, salary, contract type and other related information can be con-

sidered as external conditions that shape the career landscape of SE professionals. 

 

Figure 1. Solution Conceptualization 

To answer RQs (Methodological Conceptualization), we conducted an empirical study using a large corpus of 

Online Job Advertisements (OJAs) from the first three available quarters (or the first nine months) of 2024 pro-

vided by CEDEFOP1 and Eurostat2 that maps job requirements to the four specific software-related occupations. 

Regarding the analysis, we synthesized a “suite” of well-defined data-driven approaches that have been intro-

duced and widely used in ecology studies. Specifically, to quantify the diversity of job requirements within soft-

ware-related occupations (RQ1.1), we made use of appropriate alpha diversity indices [58, 66, 69], while the ex-

amination of diversity among software-related occupations (RQ1.2) were performed via the Bray-Curtis (BC) 

dissimilarity index [17] complemented by ordination methods [39] such as (a) principal coordinates analysis 

(PCoA) [41] and (b) permutational multivariate analysis of variance (PERMANOVA) [4] on the composition 

data computed on OJA collections. To identify transferable (RQ2.1) and prototypical job requirements (RQ2.2), 

we employed Indicator Species Analysis (ISA) [34] that offers a robust statistical approach to reveal differences 

and commonalities in the job requirements among the four software-related occupations. The commonalities 

capture the fundamental job requirements that are needed from software professionals to be hired, regardless of 

the intended occupations. On the other hand, differences spotlight unique requirements demanded by specific 

occupations.  

Our study according to Gregor [89] can be classified as a mix of theory for analyzing and explaining phenomena 

in software engineering, using as primary constructs biodiversity indices from ecology. The rest of the paper is 

organized as follows: in Section 2, we present the necessary background information from ecology that enables a 

deeper understanding of the concepts of the study, as well as related work. In Section 3, we present the experi-

mental setup of our data-driven approach and the posed research questions, and in Section 4, the results of our 

empirical study. In Section 5, we discuss the results by providing interpretations and comparisons to the litera-

 
1 https://www.cedefop.europa.eu/en  
2 https://ec.europa.eu/eurostat   

https://www.cedefop.europa.eu/en
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ture, as well implications for researchers and practitioners and threats to validity. Finally, Section 6 concludes 

the paper by presenting a recap of the study.  

2. Related Work and Background Information 

2.1 Background: Key Taxonomies and Frameworks for Skills 

In this section, we present the key taxonomies, frameworks and a glossary of terms that provide the necessary 

background for our study. In particular, it is essential to understand the established frameworks and taxonomies 

used to classify occupations and skills. In the contemporary European landscape, several key frameworks pro-

vide a standardized language for this purpose.  

The European Skills, Competences, Qualifications and Occupations (ESCO)3 framework provides a standard-

ized taxonomy and individual pillars for describing occupations, skills, and competences across diverse sectors 

and industries. The Occupations Pillar is anchored upon the International Standard Classification of Occupa-

tions (ISCO-08)4, serving as the hierarchical framework for organizing occupational data. Each occupation with-

in ESCO is meticulously mapped to a specific ISCO-08 code, facilitating precise categorization and comparison 

of roles within the European labor market. Complementing the Occupations Pillar, the Skills Pillar of ESCO 

offers a comprehensive taxonomy of skills and competences, distinguishing between different skill types and 

encompassing a wide array of knowledge domains. This pillar not only identifies essential hard skills, such as 

language proficiency and technical expertise, but also delineates soft skills, including communication, teamwork, 

and self-management abilities. With over 13,000 concepts organized within a hierarchical structure, the Skills 

Pillar provides a detailed framework for understanding the competences demanded by various occupations and 

sectors. Crucially, ESCO adopts a position on knowledge and skills that recognizes knowledge as a primary and 

essential element, an accumulation of facts, principles, theories and practices, which are necessary in any branch 

of work or study. 

Complementing ESCO, the European e-Competence Framework (e-CF)5 is a standard specifically designed for 

the Information and Communication Technology (ICT) sector. It provides a shared reference of 41 competences 

as required and applied at the ICT workplace. The e-CF is structured across five competence areas and relates 

them to the eight proficiency levels of the European Qualifications Framework (EQF)6. While ESCO provides a 

broad vocabulary of all skills, the e-CF focuses specifically on the professional competences required in the ICT 

domain, making it a valuable tool or HR departments, education provides, and ICT professionals for defining job 

profiles and planning career paths.  

Finally, to ensure a common understanding of the terminology used throughout this paper, we refer to the official 

glossary developed by the European Centre for the Development of Vocational Training (CEDEFOP)7. In Table 

1, we present the terms that can be considered as an essential background. Each term is presented along with a 

short description as provided in the official glossary of CEDEFOP in alphabetical order. 

Table 1. Terminology of Knowledge, Skills and Competences management7 

Term Description 

Competence 
Demonstrated ability to use knowledge, know-how, experience and – job-

related, personal, social or methodological – skills, in work or learning sit-

uations and in professional and personal development. Competence can be 

 
3 https://esco.ec.europa.eu/en/about-esco/what-esco 
4 https://ilostat.ilo.org/methods/concepts-and-definitions/classification-occupation/ 
5 https://esco.ec.europa.eu/en/about-esco/escopedia/escopedia/european-e-competence-framework-e-cf 
6 https://europass.europa.eu/en/europass-digital-tools/european-qualifications-framework 
7 https://www.cedefop.europa.eu/en/tools/vet-glossary/glossary 
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Term Description 

further categorized as: cognitive competence, emotional competence, entre-

preneurship competence, life competence, mathematical competence, multi-

lingual competence, thinking competence, transferable competence, trans-

versal competence 

Education and Training Needs 

Analysis 

Process of identifying skills’ gap in the workforce and – current and future – 

skill needs of the economy, to implement an education and training strategy 

that meets the needs of society (competitiveness of businesses, personal and 

professional development of individuals) 

European Skills / Competenc-

es, Qualifications and   

Occupations (ESCO) 

EU multilingual taxonomy, identifying and categorizing skills / competenc-

es, qualifications and occupations useful to the EU labor market and educa-

tion and training, and which provides occupational profiles showing the 

relationships between occupations, skills / competences and qualifications 

International Standard Classi-

fication of Occupations (IS-

CO-08) 

Tool for organizing occupations into a clearly defined set of groups, accord-

ing to the tasks and duties undertaken in the job. The current version (ISCO-

08) consists of ten major occupational groupings sub-divided into further 

occupational groups 

Knowledge 

Outcome of assimilation of information through learning. Knowledge is the 

body of facts, principles, theories and practices related to a field of study or 

work 

Labor Market / Job Market 

Real or virtual meeting point, within an economy or area, where people sell-

ing their labor (workers) negotiate and may reach an agreement with those 

who buy it (employers) 

Occupation 
Set of jobs whose main tasks and duties are characterized by a high degree 

of similarity 

Online Job Advertisement 
Publication on the Web of a vacant position to inform and to attract potential 

candidates 

Reskilling 
Training enabling individuals to acquire new skills, giving access either to a 

new occupation or to new professional activities 

Skill 

Ability to apply knowledge and use know-how to complete tasks and solve 

problems. Skills can be categorized as: (a) cognitive, (b) emotional, (c) life, 

(d) mathematical, (e) multilingual, (f) thinking, (g) transferable, and (h) 

transversal skills 

Skills’ Gap 
Situation where an individual does not have the type or level of skills re-

quired to perform adequately the tasks associated with a job 

Skill Needs 
Demand for types of knowledge and aptitudes on the labor market (total 

demand within a country or region, economic sector, etc.) 

Skill Supply 
Volume and type of skills or qualifications available on the labor market, 

and number of people who have these skills and qualifications 

Transversal Skills / Compe-

tencies 

Proven ability to use knowledge, skills and personal, social or methodologi-

cal abilities, in work / study and in professional and personal development. 

Upskilling 

Short-term targeted training typically provided following initial education or 

training, and aimed at supplementing, improving or updating knowledge, 

skills and competences 

2.2 Related Work in Software Engineering Management of Skills 

To structure our analysis of the existing literature, we adopt the concept-centric approach advocated by Webster 

and Watson [83]. The labor market terminology used in this section has been specified in Table 1, and the inter-

ested reader can correspond there for clarifications. This methodology emphasizes prior work around key con-

cepts rather than presenting a chronological list of authors. To identify the studies included in the Related Work 
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section, we performed a structured search in Scopus, focusing on seven well-established SE venues8. We applied 

our search string (skill OR labour OR labor OR competence OR competencies) on the title of candidate studies, 

published in the aforementioned venues. This process initially yielded 50 candidate papers, including paper pub-

lished up to 2025 to include the latest research on the topic, and thus the newest articles. All identified articles 

were independently handled by the third and fourth authors. In cases of disagreement, the fifth author was con-

sulted until consensus was reached. In total, only 2 articles have been discussed to reach consensus. After apply-

ing this selection process, we retained 34 papers as presented in Table 2. To organize the selected studies into 

conceptual groups, we followed the approach suggested by Webster and Watson [83], complemented with an 

open card sorting method [77]. Through an extensive review of 35 papers, we identified three themes (T) that 

structure the research field on SE skills management: (T1) Landscape of Software Engineering Skills and Com-

petencies—which covers any research reporting on a high-level analyses of the skills market in the domain of 

SE, explaining which KST are needed; (T2) Profiling and Differentiating Specific SE Roles and Practices—

which focuses on defining and comparing the skillsets that specialized for specific roles and practices in the SE 

sector; and (T3) Methods for Eliciting, Measuring and Modeling SE Skills—which covers the methodological 

contributions in this domain. We note that in our study we found that the literature clusters neatly into these dis-

tinct concepts, with each reviewed paper making its primary contribution to one of these core concepts. Table 2 

presents the concept matrix, mapping each of the reviewed papers to these central concepts in an alphabetical 

order. The subsequent sections present the literature synthesized within each concept. In principle, studies that 

are related to T1 are conceptually closer to RQ1, whereas studies that are related to T2 are closer to RQ2. 

Table 2. Concept Matrix of Related Work   

Reference 

Published 

Year 

T1: Land-

scape of SE 

Skills and 

Competencies 

T2: Profiling 

and Differen-

tiating Specif-

ic SE Roles 

and Practices 

T3: Methods 

for Eliciting, 

Measuring 

and Model-

ing SE Skills 

Ajimati et al. [2] 2022    

Assyne et al. [7] 2022    

Assyne et al. [8] 2022    

Ayas et al. [9] 2024    

Berenbach [13] 2008    

Bergersen et al. [14] 2014    

Borges and Gratão de Souza [16] 2024    

Carrington et al. [20] 2005    

Creighton and Singer [22] 2008    

De Morais Leca and De Souza Santos [29] 2025    

Dorofeev [32] 2020    

Downey and Ali Babar [33] 2008    

Duarte [34] 2017    

Fucci et al. [36] 2015    

Gafni et al. [37] 2024    

 
8  Information and Software Technology (IST), Journal of Systems and Software (JSS), Transactions on Software 

Engineering (TSE), Transactions on Software Engineering and Methodology (TOSEM), Empirical Software Engineering 

(EMSE), International Conference on Software Engineering (ICSE), and International Symposium on Empirical Software 

Engineering and Measurement (ESEM). 
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Reference 

Published 

Year 

T1: Land-

scape of SE 

Skills and 

Competencies 

T2: Profiling 

and Differen-

tiating Specif-

ic SE Roles 

and Practices 

T3: Methods 

for Eliciting, 

Measuring 

and Model-

ing SE Skills 

Galster et al. [38] 2023    

Gren et al. [42] 2018    

Heldal et al. [44] 2024    

Heggen and Cody [45] 2018    

Holtkamp et al. [46] 2015    

Jørgensen et al. [47] 2021    

Kapitsaki et al. [48] 2024    

Liang et al. [53] 2022    

Loufek et al. [54] 2025    

Misic and Graf [63] 2004    

Montandon et al. [64] 2021    

Orsted [68] 2000    

Rose et al. [73] 2007    

Santos [74] 2023    

Turley and Bieman [79] 1996    

Wang et al. [82] 2018    

Zanatta et al. [86] 2018    

Zieris and Prechelt [87] 2014    

Zieris and Prechelt [88] 2021    

2.2.1 Theme 1: The Landscape of Software Engineering Skills and Competencies 

A substantial body of research has been dedicated to investigating the landscape of skills and competencies 

required for modern software engineers, motivated by the persistent gap between industrial demands and 

workforce capabilities. Borges and Gratão de Souza [16] conducted a systematic literature review to explore the 

soft skills needed by software engineers, as well as the teaching methodologies that can contribute to developing 

the identified soft skills. The results of their study revealed 23 soft skills. Additionally, the authors provided a 

definition of the soft skills considered most relevant for software engineers, including ten soft skills desired for 

software professionals, which were not yet clearly defined in the literature. Borges and Gratão de Souza [16] 

confirmed that skills development is a central concern for both industry and academia. In addition to this, Assyne 

et al. [8] performed a systematic mapping study on software engineering competencies (SEC). In particular, the 

goal of this study focused on identifying: (a) the research areas; (b) the SEC frameworks; (c) the essential 

competencies of software professionals; and (d) the changes in SEC research over the last three decades. The 

authors identified two main reach areas, namely personnel competence (i.e., focuses on software professional 

competencies) and organizational competence (i.e., focuses on tools or instruments). Regarding SEC 

frameworks, the authors identified 14 different SEC models and explored 49 essential competencies of software 

professionals. 

This research is often driven by the "skills’ gap", which manifests in two key areas: upskilling the existing 

workforce and preparing newcomers. To address the former, studies have explored industry-university 

collaborations aimed directly at upgrading the knowledge and skills of software professionals already in the 
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industry [20]. For the latter, the challenge is particularly important for students transitioning into professional 

roles [45]. Heggen and Cody [45] described the Student Software Developers Program that offers a year-long, 

immersive experience where students develop internal software solutions for real stakeholders. The program not 

only strengthens technical proficiency but also enhances critical soft skills—such as communication, teamwork, 

and client interaction—through authentic, team-based work environments.   

To understand these industrial demands, researchers frequently turn to large-scale data sources like Online Job 

Advertisements (OJAs). A notable example is the work of Montandon et al. [64], who performed an empirical 

study to identify the hard and the soft skills that are required in IT companies. In particular, the authors analyzed 

more than 20,000 job posts from the Stack Overflow Jobs portal. Montandon et al. [64] categorized posts into 14 

IT roles and identifying 1,916 distinct hard skills, their work provided a detailed snapshot of the most in-demand 

roles (e.g., full-stack developer) and technical skills (e.g., programming languages), while also confirming that 

communication and collaboration are top-demanded soft skills.  

Moreover, numerous studies have highlighted the rising relevance of social competence, especially for 

leadership roles in development teams [22]. Galster et al. [38] identified specific soft skills required by software 

professionals in specific markets like New Zealand. In particular, Galster et al. [38] analyzed 530 New Zealand 

job advertisements, identifying that 82% of postings specified at least one soft skill, with communication, 

teamwork, and problem-solving being the most frequently required. Building on this line of research, Kapitsaki 

et al. [48] conducted a quasi-replication of Galster et al. work [38] in the labor market of Cyprus. Kapitsaki et al. 

[48] analyzed 689 software job advertisements published in 2023 and 2024 and identified 36 distinct soft skills. 

While communication and teamwork remained the most frequently required, the study also highlighted regional 

differences in how employees frame collaboration and adaptability. Adding a managerial perspective, Loufek et 

al. [54] conducted an exploratory study at Hewlett Packard Enterprise, interviewing 12 hiring managers and 

analyzing 7 entry-level SE job postings. Their findings revealed that employers prioritize non-technical skills 

such as adaptability, communication, and problem-solving, over technical competencies which are often 

considered teachable on the job.   

Gren et al. [42] performed a survey with 113 participants, in order to investigate the relationship between 

individual-level non-technical skills and the maturity of agile practices in software development teams, finding 

that the relationship is weaker than often assumed. Beyond identifying lists of skills, some studies aim to create 

structure or explore contextual factors. Assyne et al. [7] propose a unified competence framework (UComGSP) 

in order to define and categorize the essential hard and soft competencies required of software professionals. 

Through a rigorous mixed-method, Assyne et al. [7] identified 125 competencies—62 hard and 63 soft—of 

which 25 were deemed essential. The skills landscape is also shown to be continuously expanding, with studies 

identifying emerging competency requirements in new domains such as software sustainability [44]. Finally, 

Wang et al. [82] performed an empirical study in order to explore socio-technical factors, such as the 

competence-confidence gap, that can act as significant barriers affecting the contributions and career progression 

of software professionals. 

2.2.2 Theme 2: Profiling and Differentiating Specific SE Roles and Practices 

In this section, we present studies that explore the distinct skill sets and competencies associated with specific 

software engineering roles and development practices. A common approach is to create detailed profiles for 

established or emerging professional roles. For example, multiple studies have focused on identifying the 

necessary technical and non-technical skills for software architects [33], emphasizing not only design and 

systems thinking, but also cross-functional collaboration, communication, and leadership in large-scale and 

distributed development environments. In addition, attention has been drawn to the “other skills”, often less 

visible, skills that contribute to their effectiveness—such as political awareness, negotiation, and the ability to 
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mediate between conflicting stakeholder interests—which are frequently overlooked in traditional training but 

critical to navigating the organizational and social dimensions of architectural work [13]. In the same way, Misic 

and Graf [63] investigate how the systems analyst role has evolved in modern IT programs, emphasizing that 

success now hinges as much on behavioral competencies—such as interpersonal communication, collaboration, 

and stakeholder engagements on technical knowledge. This type of profiling extends to modern, specialized 

roles such as data scientists, with studies identifying their essential soft skills (e.g., critical thinking [29]). 

Beyond official job roles, researchers differentiate software engineers based on other important dimensions. 

Turley and Bieman [79] conducted a two-phase study to compare the competencies of exceptional versus non-

exceptional software engineers. Turley and Bieman [79] identified 38 core competencies across task 

accomplishment, personal attributes, situational skills, and interpersonal skills. Holtkamp et al. [46] performed a 

survey to investigate how skill requirements change across different phases of the development lifecycle, with 

studies identifying specific soft competency requirements for requirements engineering, software design, 

implementation, and testing. Additionally, Fucci et al. [36] conducted a quasi-experimental study with 30 

industry practitioners to evaluate the impact of developers’ test-driven development-related skill sets on code 

quality and productivity, whereas Zieris and Prechelt [88] conducted qualitative analyses of industrial pair 

programming sessions to identify the core elements that distinguish effective pairs, with earlier work [87] 

highlighting the role of structured knowledge transfer and incremental explanations in facilitating successful 

collaboration. 

Orsted [68] provided subjective views on the soft skills required for a Software Development Engineer within a 

major company like Microsoft. After the interviews, Orsted [68] claimed that technical skills alone are insuffi-

cient and that roles like Software Development Engineer require strong soft competencies. Rose et al. [73] con-

ducted a grounded theory study with project managers at WM‑data, to challenge the dominant tool-centered per-

spective in software project management. Through interviews, focus groups, and causal mapping, they demon-

strated that project success depends far more on managerial competences, such as leadership, communication, 

stakeholder negotiation, and adaptability, than on the use of specific tools or methodologies. Ayas et al. [9] ana-

lyzed 13,517 software developer profiles from Stack Overflow and other public sources to empirically determine 

key technical competencies and role specializations in Microservices-based architectures. Ayas et al. [9] identi-

fied 3 collections (i.e., Web Technologies, DevOps, and Data Technologies) and 11 clusters of competences of 

microservice practitioners. Their study also identified the predominant practitioner roles within MSA teams, 

such as API, service integration, full-stack, monitoring, and CI/CD engineers. Finally, Zanatta et al. [86] con-

ducted a grounded-theory study to investigate why crowd workers on software development platforms struggle 

to contribute consistently. They found that competence gaps, poor collaboration, and time-management chal-

lenges were major barriers leading to high dropout rates. 

2.2.3 Theme 3: Methods for Eliciting, Measuring and Modeling SE Skills 

In addition to profiling specific roles, another important line of research focuses on the development and 

application of innovative methods for identifying, assessing, and modeling software engineering skills. A key 

challenge in this area is the initial elicitation of skill data from complex software artifacts and software developer 

activities. To address this, Liang et al. [53] developed a tool namely Disko for mining developer repositories like 

GitHub to automatically extract evidence of skills from contribution histories. Bergersen et al. [14] developed a 

psychometric instrument to assess programming skills reliably. These instruments are then used in further 

studies to investigate the relationships between measured skill, software developer effort estimates, and other 

performance indicators [47]. Santos [74] proposed a skill recommendation system to support newcomers in 

identifying relevant skills needed to contribute effectively to open-source projects. Some studies have also 

explored the use of artificial intelligence, proposing AI-driven approaches for the objective evaluation of 

employees' soft skills, aiming to reduce bias in assessment [37]. Moreover, Dorofeev [32] proposed a model-
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driven approach to skill representation in the industrial automation domain. The approach defines how skills can 

be formalized, reused, and orchestrated within engineering workflows, bridging gaps between human and 

automated competencies. Finally, software engineering researchers tend to adapt powerful analytical methods 

from other scientific disciplines. Ajimati et al. [2] investigated how developers' positions within advice networks 

relate to their problem-solving competence, finding that greater connectedness is associated with higher 

competence. Their work highlights social network analysis as a valuable method for assessing and understanding 

software engineering skills. Duarte [34] examined the relationship between software quality maturity levels and 

labor productivity in Brazilian software companies. The study serves as an example of using rigorous 

quantitative analysis to test complex, long-held assumptions within the software industry. 

2.3 Biodiversity Indices, Ordination Methods and Indicator Species Analysis 

This section is dedicated to the presentation of background information on concepts and terminology used in 

ecology and biodiversity. From a historical perspective, the term “ecology” was, first, coined by Ernst Haeckel in 

1870 with its roots in the Greek words “oikos” and “logos” meaning “house” and “knowledge”, respectively, and 

it was used for “characterizing those sciences concerned with the relations of animals to the outside world” [19]. 

Since then, over the past centuries and decades, the term has been adapted and applied to investigate a wide 

range of research problems from diverse perspectives and goals. This study aligns more closely with the defini-

tion given by Andrewartha and Birch back to the 60s that prioritizes the focus on the explanation of “the distri-

bution and abundances of species by studying the environments of individuals in natural populations” [6]. 

In this context, a biodiversity index can be, simply, defined as a quantitative measure used to evaluate the general 

properties and characteristics of communities [66]. Despite this straightforward definition, biodiversity is a com-

plex multifaceted concept, and thus, there has been an extensive debate and, more importantly, no consensus on 

the most appropriate index for capturing all aspects of diversity [66]. Ideally, a biodiversity index should account 

for two key factors: (a) the number of unique species present in the ecosystem, known as species richness, and 

(b) the relative abundance of these detected species, referred to as evenness [49]. Moreover, Whittaker [84] em-

phasized the imperative need to take into consideration that species diversity can be decomposed and assessed at 

various scales guided by the specific requirements of the research objectives. In this regard, he pointed out that 

alpha diversity should be considered, when the objective is the evaluation of the local diversity within a particu-

lar habitat, community or ecosystem, whereas beta diversity focuses on “the degree of community differentia-

tion” between habitats, communities or ecosystems.   

Concerning the alpha diversity, it is usually expressed by species richness (𝑆) (Table 3) representing the total 

number of unique species within all levels of the hierarchy of life (habitat, community, ecosystem) [58, 66]. 

However, an ecosystem with high species richness alone cannot be considered as highly diverse. For example, if 

two ecosystems are similar in terms of their richness but one is dominated by a single species, the other ecosys-

tem would be considered more diverse, since it has a more even distribution of species populations. Thus, spe-

cies evenness is another important aspect that should be incorporated into the evaluation of alpha diversity result-

ing to the development of a wide range of compound indices. Among them, Shannon’s diversity (𝐻΄) and Simp-

son’s evenness (𝐸) indices are two of the most widely applicable in ecology studies capturing both richness and 

abundance in a unified measure (Table 3). In practice, these compound indices have been designed to serve the 

same objective, but they are different in terms of their theoretical foundation and interpretation [58].  

On one hand, the Shannon’s diversity index has its origins in information theory expressing the uncertainty in 

the prediction of species [58]. Inspecting the rationale and definition of the Shannon’s index, it should be noted 

that it prioritizes richness as a more important component in the assessment of alpha diversity with higher values 

representing greater evenness in distribution of individuals among species and thus, higher amount of alpha di-

versity. Although the Shannon’s index ranges from a theoretical minimum value of zero (no diversity, i.e. only 
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one species), its upper limit depends on the total number of unique species (𝑆). To offer a more straightforward 

interpretation, Shannon’s diversity indices can be standardized to [0,1] range. To achieve this standardization, 

one must divide the computed Shannon’s diversity index by the natural logarithm of richness (𝐻𝑆𝑡𝑑
′ = 𝐻′ ln⁡(𝑆)⁄ ) 

that represents the theoretical maximum diversity, resulting, in fact, into the evaluation of Pielou’s Evenness 

index [76]. On the other hand, the Simpson’s evenness index (Table 3) is a probabilistic indicator based on the 

Simpson’s diversity index that expresses the probability that two randomly selected individuals from a given 

level of the hierarchy of life will belong to the same species putting emphasis on evenness rather than richness. 

The Simpson’s evenness index yields standardized values within [0,1], with higher values indicating a more 

evenly distribution among species, whereas lower values represent communities dominated by a few species.   

Shifting the interest to the level of differentiation between a predefined level of the hierarchy of life in terms of 

species composition, a plethora of beta diversity indices have also been proposed in the ecology literature, 

whereas the selection of the most appropriate one is not a trivial task. In this study, we opted to make use of a 

well-known beta diversity index introduced by Bray and Curtis [17] that evaluates the dissimilarity in species 

relative abundance data between two examined habitats, communities or ecosystems exploiting the information 

of both the presence or absence of species and their abundances. Higher values of Bray-Curtis (BC) index repre-

sent greater species turnover (beta diversity) and less overlap in species composition [50]. 

Table 3. Alpha- and beta-diversity indices  

Biodiversity Index Formula Description 

Alpha diversity 

Richness 𝑆 = |Ω| Total number of distinct species within an ecosystem a 

Standardized Shan-

non’s diversity 𝐻𝑆𝑡𝑑
′ = −∑𝑝𝑖 ln(𝑝𝑖)

𝑆

𝑖

ln 𝑆⁄  
Quantifies both richness and evenness. More emphasis 

on richness, less sensitive to evenness b 

Simpson’s 

evenness  𝐸 = (1 −∑𝑝𝑖
2

𝑆

𝑖

) 𝑆⁄  
Quantifies both richness and evenness. More emphasis 

on evenness (abundance), less sensitive to richness b 

Beta diversity  

Bray–Curtis 

dissimilarity 
𝑑𝑎𝑏 =

∑ |𝑝𝑎𝑖 − 𝑝𝑏𝑖|
𝑆
𝑖

∑ (𝑝𝑎𝑖 + 𝑝𝑏𝑖)
𝑆
𝑖

 
Quantifies the diversity of species relative abundances 

between habitatsc  

Notes:  
a|Ω| is the cardinality of the set Ω = {𝑠1, … , 𝑠𝑛}, where 𝑠𝑖 represents a distinct species in the habitat  

b𝑝𝑖  is the relative abundance of species 𝑖 and 𝑆 is the total number of species present in the habitat 
c 𝑝𝑎𝑖  and 𝑝𝑏𝑖  are the relative abundances of species 𝑖 in habitats 𝑎 and 𝑏, respectively, and 𝑆 is the total number of 

species present in habitats 𝑎 and 𝑏 

Even though all these indices provide valuable information regarding the biodiversity across habitats, communi-

ties or ecosystems, they face significant challenges, as they oversimplify the complexity of examined phenome-

non to a single statistic derived from samples. To better understand complicated ecological relationships and 

gain deeper insights into the patterns and composition of species in each level of the hierarchy of life, there is a 

need to use appropriate multivariate statistical approaches that fall under the general umbrella of ordination 

analysis [39]. Ordination analysis was, firstly, introduced in ecological literature by Curtis and McIntosh [23] 

and it can be considered as a “suite” of statistical tools addressing various scopes and objectives. In this study, 

we make use of (a) principal coordinates analysis (PCoA) [41] and (b) permutational multivariate analysis of 

variance (PERMANOVA) [4] that serve quite different but complementary objectives.          

PCoA belongs to the general branch of dimensionality reduction techniques aiming to project the ordination 
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(scaling) of the objects from a full-dimensional space into a low-dimensional space, usually encompassing two 

(2D) or three (3D) dimensions, facilitating, in turn, the visual exploration of patterns and relationships among 

them. PCoA is considered an unconstrained ordination method in the field of ecology [62], where the term “un-

constrainted” refers to the fact that the ordination is constructed by exploiting information reflecting the internal 

relationships within objects without taking into consideration the effect of external explanatory variables (i.e., 

constraints). Regarding the algorithmic details of the approach [52], PCoA initiates by computing the distance 

matrix of objects in the full-dimensional space via an appropriate dissimilarity measure (Bray-Curtis in our 

case). Next, the distance matrix is transformed into a centered matrix of scalar products. Finally, through an ei-

genvalue decomposition process, the algorithm resulted in a set of orthogonal axes (or dimensions), whose con-

tribution is computed by their corresponding eigenvalues [18].  

The exploratory identification of hidden patterns in data can be further augmented with statistical hypothesis 

testing procedures to enhance the inferential process when investigating factors influencing the composition and 

relative abundances of species in ecosystems [4]. Traditional univariate and multifactor statistical approaches, 

such as Analysis of Variance (ANOVA), are well-established methods grounded in strong theoretical founda-

tions from the applied scientific domain of design of experiments. However, these parametric approaches rely on 

strict assumptions (e.g., normally distributed data, homogeneity of variance etc.) that are rarely met in most 

ecology experimental studies [4]. Due to this limitation, Anderson [5] proposed PERMANOVA, as a non-

parametric analogue to the traditional ANOVA, that partitions variation within a dissimilarity matrix (Bray-

Curtis in our case). This statistical method provides a robust approach for the examination of various types of 

effects (e.g., main / interaction effects, random effects in mixed effects and hierarchical designs etc.) and the 

estimation of statistical significance exploiting distribution-free permutation approaches [5].      

Based on the previous considerations, PERMANOVA can be considered a valuable tool for inferential purposes, 

when the objective is to examine differences in the composition of habitats, communities or ecosystems. Beyond 

this, it is of great practical importance to identify species that are strongly associated with specific habitats, 

communities or ecosystems, as these species often serve as indicators of ecological health or change [70]. Indi-

cator Species Analysis (ISA) can, further, extend the body of knowledge regarding the dynamics within complex 

ecological systems, as it enables the identification of species whose presence or abundance is closely related to 

environmental conditions, communities or habitat types [35]. The approach is based on the evaluation of a com-

pound index [35], called the Indicator Value (IV), which quantifies the strength of the association between spe-

cies and habitats under examination. Specifically, 𝐼𝑉 is calculated as the product of two components, specificity 

and sensitivity (or fidelity), that combines both the occurrence (or abundance) of a species and its frequency of 

occurrence in the set of the examined habitat types. Each species is, then, assigned to the habitat with the highest 

𝐼𝑉 (𝐼𝑉max), whereas a randomization permutation approach is applied to test the statistical significance of this 

association (𝐼𝑉max).  

In brief, the first component, specificity (𝐴𝑖𝑗), is defined as the ratio of the number of occurrences of the species 

𝑖 within sites (land units in ecology) belonging to the target group 𝑗 divided by the number of occurrences of the 

species across all sites. The definition of specificity was, further, modified by De Caceres et al. [26] to give equal 

weight to all sites within a group ignoring the total number of sites each group contains. Thus, they proposed the 

following formula (Eq. 1) for the computation of specificity (𝐴𝑖𝑗
𝑔

):    

𝐴𝑖𝑗
𝑔
=

𝑛𝑖 𝑁𝑗⁄

∑ 𝑛𝑖 𝑁𝑗⁄𝐽
𝑗=1

     (1) 

where 𝑛𝑖 𝑁𝑗⁄  is the relative frequency of the species 𝑖 in the target group 𝑗, and ∑ 𝑛𝑖 𝑁𝑗⁄𝐽
𝑗=1  is the sum of relative 

frequencies of the species 𝑖 over all 𝐽 groups. The second component, sensitivity 𝐵𝑖𝑗 , is equal to the nominator of  

𝐴𝑖𝑗
𝑔
⁡and is defined as: 
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𝐵𝑖𝑗 =
𝑛𝑖

𝑁𝑗
     (2) 

Summarizing, the 𝐼𝑉𝑖𝑗 for species 𝑖 in group 𝑗 is given by the product of the specificity 𝐴𝑖𝑗
𝑔

 and sensitivity 𝐵𝑖𝑗 

multiplied by 100. 

         𝐼𝑉𝑖𝑗 = 𝐴𝑖𝑗
𝑔
× 𝐵𝑖𝑗 × 100        (3) 

De Cáceres et al. [25] have been further extended the original approach proposed by Dufrêne and Legendre [35] 

to account for the fact that a subset of species may be associated to more than a single group. In ecology, this is 

often a realistic scenario, as species may exhibit different niche breadths, thus, there is an imperative need to 

apply ISA mechanisms that are able to identify species that are strongly related, simultaneously, with multiple 

groups. This is a critical task to avoid overlooking potentially meaningful insights that are exhibited between 

species and combinations of groups that may not be reflected by single groups analysis. Finally, we note that 

instead of reporting the raw 𝐼𝑉s (Eq. 3), the square root transformation is applied to each 𝐼𝑉 [24] to mitigate 

threats related to giving more importance to relative abundance over relative occurrence, as well as limitations, 

such as the presence of heavily skewed 𝐼𝑉 distributions [25]. 

2.4 Biodiversity in Software Engineering Research 

Biodiversity has been considered of critical importance in ecology as an indicator of sustainability and resilience. 

In recent years, SE research has employed various ecological methodologies based on diversity measures to 

investigate the dynamics of software systems and communities.  

Previous works compared the natural ecosystems with specific software ecosystems. Dhungana et al. [27] 

pointed out that, just as biodiversity enables ecosystems to maintain their vital characteristics after disturbing 

events, diversity in SE and user groups strengthens the sustainability of software platforms such as Eclipse. 

Similarly, Baudry and Monperrus [11] introduced the concept of ecology-inspired software engineering, aiming 

to map ecological diversity types (e.g., genetic, functional, spatio-temporal) onto key aspects of software 

development such as robustness, productivity, and stability. The DIVERSIFY project [12] further advanced this 

perspective by proposing automated mechanisms to sustain software diversity, relying on a collection of 

software variants that act as a reservoir of adaptation solutions, thereby strengthening resilience against 

unforeseen failures. In parallel, the ECOS project [61] studied open-source ecosystems, where contributors 

(including developers and end-users) were considered as species while projects were viewed as resources that are 

produced and consumed. Based on this perspective, resilience increases with contributor increasing diversity 

(e.g. developers proficient in different programming languages and/or contributors specialized in different roles 

such as testing and debugging), enabling the ecosystem to better withstand “environmental” changes such as 

technology shifts or the obsolescence of legacy projects. 

Biodiversity indices have been previously employed in SE studies for the investigation of gender/national 

diversity impact on project outcome. For example, Torchiano et al. [78] applied the Shannon and Blau indices to 

study gender and nationality diversity in student Agile teams, finding gender diversity positively correlated with 

outcomes. Azman and AlDhaheri [10] analyzed large GitHub projects, applying the Simpson index (and 

Shannon for gender diversity) to assess demographic, geographical, and technical diversity of contributors, 

reporting positive correlations between geographical/commit diversity and software quality, though mixed 

results for gender and employment diversity. These studies demonstrate the versatility of biodiversity indices in 

capturing different forms of heterogeneity in software projects and their impact on performance and quality. 

Beyond diversity measures and indicators, plenty statistical methodologies originally developed for ecological 

purposes have also been transferred into SE. One example is the use of the Mantel test [58], a multivariate 

statistical method originally developed in ecology, biology, and population genetics to evaluate correlations 

between dissimilarity matrices. Mantel test has been applied for the monitoring of technical debt [3] and the 
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investigation of the relation between principal and interest by examining whether artifacts with similar levels of 

TD principal also exhibited similar amounts of TD interest. 

These previous works illustrate how biodiversity has been used in SE research both as an analogy for resilience 

in ecosystems of software and contributors, and as a quantitative framework for assessing diversity in teams and 

projects. While these studies focus on the dynamics of software systems, contributors, or teams, our work 

examines a completely different aspect: the labor market for software engineers. Specifically, we employ 

biodiversity indices to quantify the diversity of job requirements across software engineering occupations. This 

perspective allows us to extend the biodiversity methods into the domain of Labor Market Analysis (LMA), 

providing novel insights into how KSTs vary within and across the different SE occupational categories.  

3. Experimental Setup  

3.1 Context, Data Collection, and Units of Analysis 

In this study, we utilized data that comprises OJAs for job openings located in the EU27 Member States, EFTA9 

countries and the United Kingdom. The data are organized and provided by the Web Intelligence Hub (WIH), 

because of collaborative effort between CEDEFOP and Eurostat. The WIH-OJA database covers a period from 

2019 onwards, offering a wealthy source of information encompassing various characteristics such as, the geo-

graphical location of the offered job (city, region, country), the first and last active date of the job posting (speci-

fied in days, months and years), the required experience, and more. More importantly, the EU organizations have 

developed effective mechanisms for cleaning and pre-processing unstructured textual content of OJAs collected 

from the web. A three-phase approach that makes use of metadata and fuzzing-matching techniques was em-

ployed to remove duplicate OJAs before the application of data-driven methodologies. The data are then passed 

through an ontology and an ML-based pipeline for the extraction of the set of job requirements and correspond-

ing occupation category for each OJA. As a result, the final dataset, along with its metadata, contains a detailed 

list of identified job requirements from Level 4 of the multilingual of ESCO skills pillar10, as well as the corre-

sponding occupation category from Level 4 of the ISCO-08 pillar11. We note that the ESCO skills pillar is orga-

nized into a hierarchical structure with four sub-classifications that are: (i) Knowledge, (ii) Skills, (iii) Transver-

sal Skills and Competences and (iv) Language Skills and Knowledge. In this study, we focused on requirements 

that belong to one of the three first sub-categories (Knowledge (K), Skills (S) and Transversal skills and compe-

tences (T)), which are referred to as KST throughout the rest of the study.   

Given that the main objective of this study is the investigation of the state-of-the-art in-demand job requirements 

in the software engineering workforce, we decided to focus, solely, on OJAs from the first three available quar-

ters of 2024, whereas the subset of OJAs was, further, filtered to include only those relevant to SE professionals. 

Therefore, the inclusion criterion for an OJA to be included in the final dataset was based on the ISCO-08 occu-

pations pillar, which classified each OJA into the “251-Software and Applications Developers 

and Analysts” occupation concept. Thus, the experimental setup for providing answers to the posed RQs 

was based on four distinct job occupations (Level 4 of ISCO-08): (a) “2511-Systems Analysts”; (b) 

“2512-Software Developers”; (c) “2513-Web and Multimedia Developers”; and (d) 

“2514-Applications Programmers”.  

The final dataset contains 1,198,791 OJAs, whereas a total set of 550 unique KSTs from Level 4 of ESCO skills 

pillar were identified. Figure 2 presents the frequency distribution of job openings across the 27 EU Member 

States and the United Kingdom, showing that France (30.3%), Germany (26.28%) and United Kingdom 

(13.62%) hold the lion’s share, cumulatively accounting for over 70% of job openings for SE professionals. In 

 
9 European Free Trade Association 
10 https://esco.ec.europa.eu/en/classification/skill_main  
11 https://esco.ec.europa.eu/en/classification/occupation_main  

https://esco.ec.europa.eu/en/classification/skill_main
https://esco.ec.europa.eu/en/classification/occupation_main
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terms of the four occupational categories, Systems Analysts (46.30%) and Software Developers 

(43.34%) are the most in-demand occupations (Table 4).   

Table 4. Distribution of OJAs across the SE-related 

occupation categories (Level 4) from the first three 

quarters of 2024 

Job Occupation  N (%) 

Systems Analysts 562,562 

(46.30%) 

Software Developers 519,608 

(43.34%) 

Web and Multimedia Developers 84,786 

(7.10%) 

Applications Programmers 31,835 

(2.66%) 
 

  

Figure 2. Frequency distribution of OJAs across EU 

countries from the first three quarters of 2024 

3.2 Research Questions and Data Analysis  

To address the aim of this study, which is to gain insights into the diversity of demanded KSTs (goal-1) and to 

identify the most-in-demand KSTs and profile them for SE professionals (goal-2), we followed a top-down ap-

proach. At the macro-level, we focused on the quantification and examination of the KST diversity in terms of 

richness and evenness: (a) within (goal-1a), and (b) among SE occupations (goal-1b). At the micro-level, we 

performed a fine-grained analysis to identify: (a) transferable KSTs that are needed across SE occupations (goal-

2a), and (b) specialized KSTs differentiating occupations, being prototypical for specific occupations (goal-2b). 

In the next paragraphs, we present the motivation for the posed RQs of the study, while Table 5 provides a map-

ping of the goals, the associated RQs and guidelines on the biodiversity approaches, indices and algorithms 

(Methodological Conceptualization) applied to macro- and micro-level KST data for inferential purposes. 

Table 5. Methodology Conceptualization 

Goal RQ Approach Index / Algorithm Used Data 

[RQ1] How does the variety and distribution of Knowledge, Skills and Transversal Competences qualifications 

differ within (RQ1.1) and among (RQ1.2) Software and Applications Developers and Analysts occupa-

tions? 

Quantification of 

KST diversity  

Μacro-level 

Goal-1 

Within  

Occupations 

(RQ1.1) 

Alpha  

Diversity  

Richness (𝑆), Standardized Shannon’s 

diversity (𝐻′), and Simpson’s even-

ness (𝐸)  

Composition 

(relative 

abundance) 

KST data 

computed on 

collections of 

OJAs 

Among  

Occupations 

(RQ1.2) 

Beta  

Diversity  

Bray–Curtis dissimilarity index (BC) 

[17], Principal Coordinates Analysis 

(PCoA), and Permutational Analysis 

of Variance (PERMANOVA) 
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Goal RQ Approach Index / Algorithm Used Data 

[RQ2] Which Knowledge, Skills and Transversal Competences signify (RQ2.1) are transferable across multiple 

Software and Applications Developers and Analysts occupations, and which Knowledge, Skills and 

Transversal Competences imply (RQ2.2) prototypical specialization within specific occupations?  

Identification and 

Profiling of KSTs 

Micro-level 

Goal-2 

Transferable 

across  

Occupations 

(RQ2.1)  

Indicator  

Species 

Analysis 

(ISA) 

Indicator Value (IV) Individual 

OJAs  

Prototypical 

within  

Occupations 

(RQ2.2) 

 

[RQ1] How does the variety and distribution of Knowledge, Skills and Transversal Competences qualifications 

differ within (RQ1.1) and among (RQ1.2) Software and Applications Developers and Analysts occupations? 

Motivation [RQ1]: Given that the SE industry faces continuous and radical changes driven by the complex 

nature of software [81], the “bloom” of emerging technologies12 and the lack of consensus on which KSTs shape 

the roadmap for the next generation of professionals [8], there is a persistent need for empirical evidence from 

data-driven approaches that keep a finger on the pulse of the workforce landscape. Understanding how the 

distribution of KST qualifications varies within and among SE professionals is critical for unveiling trends in 

future workforce demand, aligning training and educational programs and safeguarding the establishment of 

effective talent management strategies.  

To answer RQ1, which focuses on a macro-level analysis of the KST demand, we made use of the proposed 

biodiversity inspired approach applied to the composition KST data that were expressed as relative abundance by 

occupation category from OJA. This decision was driven by the need to investigate the variety and distribution 

of KSTs across the EU landscape with the aim of deriving conclusions regarding potential differences both 

within and among SE occupations. RQ1.1 is addressed by using the alpha diversity indices (1st row in Table 5), 

along with the computation of appropriate measures of central tendency and variation, which can also serve for 

inferential purposes and decision-making. By considering the four SE occupations as different habitats and the 

KST qualifications as the species existing in these habitats, the alpha diversity analysis (Richness (𝑆), 

standardized Shannon’s diversity (𝐻𝑆𝑡𝑑
′ ) and Simpson’s evenness (𝐸) are valuable indices for quantifying how 

rich, diverse and evenly populated these habitats are. Based on this metaphor, potential variation in richness, 

computed by the total number of distinct KSTs associated with each SE occupation, reflects broader or narrower 

must-have qualifications for positioning a specific occupation. The diversity and evenness of the detected KSTs 

within the four occupations are evaluated through the computation of the standardized Shannon’s diversity and 

the Simpson’s evenness indices on the relative abundance KST data.  

The results that will be derived from the alpha diversity analysis can serve for exploratory purposes within a 

specific occupation but should not be used for comparisons between (among) occupations, as they are not, 

directly, comparable due to the significant differences in the sample sizes (number of OJAs) collected for each 

 
12https://metapress.com/exploring-the-role-of-software-engineering-in-emerging-technologies/     

https://metapress.com/exploring-the-role-of-software-engineering-in-emerging-technologies/
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occupation. Additionally, the unequal number of OJAs within each occupation at the predefined time intervals 

may also be an extra source of variability that needs to be controlled. To account for this variance due to 

“sampling effort”, a well-known limitation in ecological studies, we made use of a rarefaction approach [30] that 

mitigates, efficiently, this threat. The rationale behind this standardization mechanism is to randomly sub-sample 

without replacement the sets of OJAs collected at the pre-defined time intervals so that the size of each set equals 

the smallest observed sample size within an examined occupation. To examine, whether there are significant 

differences among SE occupations (RQ1.2), the Bray-Curtis dissimilarity matrix calculated on composition KST 

data was the main input for assessing the beta diversity index (2nd row in Table 5). This dissimilarity matrix was 

also used for exploratory purposes by the projection of potential differences into a 2D space via PCoA (2nd row 

in Table 5). Finally, a PERMANOVA model was fitted to statistically test; whether the observed differences can 

be attributed to the effect of the Occupation factor on job requirements composition (2nd row of Table 5).   

[RQ2] Which Knowledge, Skills and Transversal Competences signify (RQ2.1) are transferable across multiple 

Software and Applications Developers and Analysts occupations, and which Knowledge, Skills and 

Transversal Competences imply (RQ2.2) prototypical specialization within specific occupations?    

Motivation [RQ2]: Shifting to a micro-level analysis, we aim to identify the required skillsets targeting the de-

velopment of candidate profiles within SE professionals. This is, certainly, a non-trivial task, as SE professionals 

share common qualifications that are pivotal for entering the SE industry13. Apart from these transferable KSTs, 

the SE industry seeks employees who are equipped with qualifications that are aligned to the specialized needs 

of specific occupations14.  

To gain insights into the mapping of KSTs to job occupations, ISA was employed on the initial set of OJAs by 

examining the presence of KSTs within each job opening. Specifically, the extension of the original ISA ap-

proach, proposed by De Cáceres et al. [25], was used to identify KSTs that are transferable to combinations of 

SE occupations (RQ2.1) (3rd row in Table 5). Through this one-step-analysis, ISA also provides straightforward 

takeaways regarding KSTs that are specific to individual SE occupations (RQ2.2) (4th row in Table 5).  

To facilitate ease adoption and independent replication of the proposed methodology, we have developed a repli-

cation package that includes all core analysis scripts (i.e., data pre-processing, computation of biodiversity indi-

ces, execution of ordination methods and indicator species analysis) along with synthetic data that mirrors the 

structure of the data used in this study. The replication package is hosted on GitHub15, providing detailed in-

structions for installing the required R packages and for executing the analysis.         

4. Results  

In the following sections, we present the results of this study organized by research question. We answer sub-

questions together so that we can synthesize the main findings. For simplicity, the results are presented in raw 

form in this section, while interpretations and implications are discussed in Section 5 (Discussion). 

4.1 Variety and Distribution of KSTs Within and Among the Software-Related Occupations  

Table 6 summarizes the measures of central tendency and dispersion for the three alpha diversity indices, which 

are presented with their corresponding 95% confidence intervals. The inspection of richness provides insights 

into the number of unique job qualifications found in job openings for each occupation. For Applications 

Programmers, the mean richness value is approximately 187 unique KSTs. In contrast, the corresponding 

statistical measures are significantly higher for Systems Analysts (𝑀 = 366.472(±15.301)) and 

 
13  https://www.wgu.edu/blog/6-qualifications-needed-become-software-engineer2302.html  
14  https://www.equalture.com/blog/skill-based-hiring-transferable-skills-vs-job-specific-skills/ 
15  https://github.com/dtrygoni/Biodiversity_JobProfiling   

https://www.wgu.edu/blog/6-qualifications-needed-become-software-engineer2302.html
https://github.com/dtrygoni/Biodiversity_JobProfiling


[18] 

 

Software Developers (𝑀 = 318.056⁡(±13.943)). To assist interpretation, Table 6 also includes the first 

and third quartiles for each diversity index, offering a practical reference point for identifying relatively low or 

high values within the empirical distribution.  

One needs to be cautious when interpreting these findings, as, the divergences may be due to the actual need for 

broader skillsets or variant types of job roles within these occupations (Systems Analysts and 

Software Developers) but, in parallel, we have also to keep in mind that the high differences in sample 

sizes of OJAs may be an additional factor that may influence the estimated alpha diversity indices. Moreover, as 

we have already mentioned in Section 2.3, that richness alone does not provide meaningful insights into the 

diversity of qualifications within SE occupations and for this reason, we turn our interest into the examination of 

standardized Shannon’s diversity and Simpson’s evenness indices that consider both richness and evenness, but 

under different weighting mechanisms.  

Focusing on the diversity and evenness of KSTs, a closer examination of the computed indices reveals that the 

ranges of the standardized Shannon’s diversity indices suggest relatively even distributions of KSTs within all 

occupations, as the mean values are higher than 0.75 approaching unity, which, theoretically, represents perfect 

evenness. On the other hand, this conclusion is not supported by the evaluation of the Simpson’s evenness 

indices, as the generally observed low values demonstrate that all SE occupations are dominated by a few KSTs. 

This inconsistent finding stems from the fact that the two indices give emphasis on different aspects of alpha 

diversity (richness and evenness).  Shannon’s diversity index and its standardized version prioritize richness, and 

thus, it is sensitive to the presence of rare KSTs that are in-demand within SE occupations, while Simpson’s 

evenness is highly affected by the presence of dominant KSTs [67]. The choice of the most appropriate alpha 

diversity index should be guided by the specific needs and scopes of stakeholders. The former is a rationale 

choice for the assessment of alpha diversity from a more general perspective that considers emerging, evolving 

or infrequently demanded KSTs within SE occupations. The latter provides meaningful insights into discovering 

whether certain skillset profiles with dominant KSTs shape the SE workforce landscape. 

Table 6. Descriptive and Exploratory Analytics for Alpha Diversity Indices across SE Occupations 

Index Statistic Applications  

Programmers 

Software  

Developers 

Systems  

Analysts 

Web and Multimedia  

Developers 

𝑆 

(richness) 

M (SD),  

95% CI  

186.661 (9.032), 

[182.169, 191.153] 

318.056 (13.943),  

[311.122, 324.989] 

366.472 (15.301) 

[358.863, 374.081] 

243.289 (12.941),  

[236.853, 249.724] 
Mdn  

(Q1, Q3) 

189.200  

(186.725, 191.225) 

319.500  

(314.100, 326.225) 

369.600  

(363.050, 376.050) 

247.800  

(243.700, 250.075) 

𝐻𝑆𝑡𝑑
′  

Standardized 

Shannon’s 

diversity 

M (SD),  

95% CI  

0.828 (0.006),  

[0.826, 0.831] 

0.762 (0.007),  

[0.759, 0.765] 

0.751 (0.006),  

[0.748, 0.754] 

0.809 (0.006),  

[0.806, 0.812] 

Mdn  

(Q1, Q3) 

0.827  

(0.824, 0.829) 

0.761  

(0.758, 0.765) 

0.751  

(0.748, 0.754) 

0.808  

(0.805, 0.810) 

𝐸 

Simpson’s 

evenness 

M (SD),  

95% CI 

0.279 (0.013),  

[0.272, 0.286] 

0.174 (0.010),  

[0.170, 0.179] 

0.147 (0.007),  

[0.144, 0.151] 

0.242 (0.012),  

[0.236, 0.248] 

Mdn  

(Q1, Q3) 

0.278  

(0.271, 0.286) 

0.173  

(0.168, 0.179) 

0.147  

(0.143, 0.150) 

0.239  

(0.234, 0.244) 

Notes: M, SD, 95% CI, Mdn, Q1, Q3 stand for mean, standard deviation, lower/upper limits of 95% Confidence Intervals 

for mean, median, first and third quartile, respectively 

To provide a more detailed insight into the kind of unique KSTs that appear within the job openings of specific 

occupations, in the Figure 3, we present the proportional distribution of unique job requirements that fall in each 

KST category (as provided by ESCO) for all SE occupations; whereas in the Figure 4, we present the relative 

frequencies of the categories of the hard skills taxonomy as proposed by Montandon et al. [64] within the four 

SE occupations16. From the results, we can observe that for all SE-related occupations the types of KSTs follow 

 
16  The mapping of KST to the hard-skills’ categorization has been performed by the 4th and 5th author. Minor conflicts have 

been resolved by the 3rd author. 
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a similar pattern concerning the required KSTs: unique Skills (S) cover 40%-50% of the unique qualifications 

that appear for these occupations; unique Knowledge (K) covers 42%-49% of the unique qualifications that 

appear for these occupations; and unique Transversal Skills and Competences (T) covers 8%-12% of the unique 

qualifications that appear for these occupations. In terms of ranking, for Web and Multimedia 

Developers, as well as Application Programmers Knowledge (K) is the most required kind of KSTs, 

whereas for System Analysts and Software Developers, Skills (S) are the most required kind of 

KSTs. In terms of hard-skills, System Analysts is the occupation for which Data Systems related KSTs are 

the most useful for. KSTs on Development tools appear to be an important part of the qualifications required for 

Web and Multimedia Developers, whereas KSTs on Processes & Methods, Frameworks and Libraries, 

and OS & Infrastructure appear as consistently important for all occupations. KSTs on Programming languages 

appear to be more relevant for Web and Multimedia Developers and Application 

Programmers.  

 

Figure 3. Classification of KST job requirements per SE-related occupation, grouped by ESCO categories. 

 

 

Figure 4. Classification of KST job requirements per SE-related occupation, grouped by hard skills taxonomy 

proposed by Montandon et al.[64] 

Next, we proceed by focusing on the examination of the diversity in KST composition among different SE job 

occupations. To shed light on this second research objective, we first investigate potential fluctuations in 

composition of KSTs through exploratory visualization techniques with the aim of uncovering similarities and / 

or differences in KST composition across the examined occupations. Figure 5 depicts the biplot obtained from 

the deployment of PCoA after the computation of the Bray-Curtis dissimilarity index on the composition KST 

data. In this plot, each group of point represents a specific occupation category highlighted with different color, 



[20] 

 

whereas the geometric position of the point “quantifies” the KST composition in terms of relative abundances at 

the predefined 15-day intervals of collection. The 2D projection explains about 80% of the total variation in the 

dissimilarity matrix exhibiting a satisfactory representation into the low-dimensional space. The inspection of the 

relative position of the points brings to the surface meaningful insights into the KST demand landscape. A 

remarkable finding concerns the existence of distinct clusters of points that belong to the same occupation 

category. This practically means that clusters of points that are far from each other can be considered as SE 

occupations, in which there are diverse qualifications in terms of KSTs. In this regard, the points representing 

Systems analysts are far from both the origin and the rest occupational categories, a fact that implies 

differences in qualifications of job occupations. In contrast, Web and Multimedia Developers and 

Application Programmers are related, indicating alternative KST profiles. Finally, the cluster of 

Software Developers is positioned near the center of the graph and very close to the origin point and due 

to this fact, one can infer that, while this specific occupation is distinct, it shares similar KSTs with all other 

occupational categories. Thus, the graphical inspection of the biplot signifies differences in KSTs demand 

among the SE-related occupations. However, while PCoA provides a “big picture” of the projected 

dissimilarities in a low-dimensional (2D) space, and it is considered an exploratory technique that may not fully 

uncover the observed patterns hidden within the raw dissimilarity matrix of the full multivariate space. Due to 

this fact, we conducted formal statistical hypothesis testing procedures to examine whether these observed 

differences are not due to chance. 

 

Figure 5. Biplot of PCoA based on Bray-Curtis beta diversity dissimilarity index  

PERMANOVA constitutes a well-established inferential mechanism based on resampling techniques for 

examining the effect of multiple factors on relative abundance data computed by the Bray-Curtis dissimilarity 

index. Therefore, in our experimental setup, PERMANOVA was applied to estimate the variation between and 

within occupation categories through the computation of a test statistic, namely, pseudo-F ratio. Next, the 

distribution of the pseudo-F ratio is, repeatedly, evaluated on many randomly shuffled distance matrices by 

permuting the levels of the factors under investigation. This empirical distribution is used, in turn, to obtain the 

statistical significance of the hypothesis testing procedure.  

To assess the potential temporal (Time) and occupational (Occupation) effects on the composition of relative 

abundances of KSTs, we fit separate one-way PERMANOVA models to measure the variance explained by each 

factor, independently. Regarding the examination of the temporal effect, the results indicated that Time did not 

present a statistically significant main effect on KST composition (𝐹(17,51) = 0.094, 𝑝 = 1.000) with the 

model explaining only 2.9% of the total variance (𝑅2 = 0.029). In simple terms, the Time variable did not 
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introduce extra variability and / or spurious effects into the inferential process that should have been taken into 

consideration, when the interest shifted to the investigation of composition differences among occupations. 

Moreover, this finding indicates that the demanded qualifications for SE professionals remained intact during the 

examined period, a reasonable outcome given the short time-span of data collection. Certainly, any important 

technological shift in the demand for KSTs among SE professionals would, typically, require a longer time 

horizon to be meaningfully detected in the labor market. In contrast, the results for Occupation revealed a strong 

and statistically significant effect on KST composition (𝐹(3,68) = 406.967, 𝑝 = 0.001), as the model explained 

94.7% (𝑅2 = 0.947) of the total variability highlighting the overwhelming importance of occupational 

differences in KST composition. Finally, post-hoc analysis showed that all occupation pairs differed 

significantly (𝑝 = 0.001). 

• The complete list of KSTs that is used to characterize the profiles of OJAs for SE-related occupations is very 

broad, ranging from 180-360 KSTs. 

• The skillset required for each occupation is quite distinct, since there are statistically significant differences 

in the composition of the skillsets. 

• The skillset required for System Analysts is characterized by uniqueness among the SE-related occupations, 

whereas the skillset required for Software Developers seems to have the most central role. 

• KSTs on Software Processes & Methods appear to be the kind of KST that is required primarily by all SE-

related occupations; whereas KSTs on Programming languages appear to be more relevant for Web and mul-

timedia developers and Application programmers and KSTs on Data Systems are the more useful for System 

Analysts. 

4.2 Transferable and Specialized KSTs Across Multiple SE-Related Occupations 

Next, we proceed with ISA aiming at the identification of KSTs that are either transferable or specialized across 

SE professionals. Figure 6 presents the joint distribution of KSTs for all combinations of SE occupations (rows) 

and the ESCO skills pillars (columns) under examination. A first remarkable finding concerns the examination 

of the identified KSTs within occupations that fall under the general ESCO pillar of Transversal Skills and 

Competences (T). In this regard, the relative frequency of transversal skills that are required in all occupations 

(22.1%) is the highest compared to the corresponding percentages observed in all triplets, pairs and individual 

categories. In contrast, the skillsets tailored to individual occupations are mostly (above 94%) KSTs that belong 

to the Knowledge (K) and Skills (S) pillars. Additionally, Applications programmers and Web and 

multimedia developers professionals need to be more familiar with “the body of facts, principles, 

theories and practices that is related to a field of work or study17” (K) than “abilities to apply knowledge and use 

know-how to complete tasks and solve problems” (S).    

 
17 https://esco.ec.europa.eu/en/about-esco/escopedia/escopedia/knowledge  

https://esco.ec.europa.eu/en/about-esco/escopedia/escopedia/knowledge
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Figure 6. Distribution for combinations of job occupations and KSTs 

Regarding the identification of transferable qualifications that are in-demand for various SE professionals, the 

tables in Appendix A summarize the findings extracted from the application of ISA on the identified KSTs 

within the total set of collected OJAs. The tables present 𝐼𝑉s for each KST, along with the specificity / 

sensitivity metrics and the associated 𝑝-values for all possible combinations of the four SE occupations. For 

example, “adapt to change” is the top-most requested KST exhibiting an 𝐼𝑉 of 86.17, computed by taking the 

square root of product of specificity (1.00) and sensitivity (0.7425). This practically, means that this specific 

transversal competence can be considered as “indicator” or representative KST for all SE occupations. 

Moreover, in nearly 75% (sensitivity) of the total set of OJAs related to SE occupations, there is an indispensable 

demand for job candidates that demonstrate flexibility, willingness and openness to adapt, effectively, to new 

conditions, situations and challenges arising in workplace environment.  

To visualize the information of the most-in-demand KSTs along with their importance in the EU landscape, we 

exploited Network Analysis visualization techniques based on the results that were derived from the application 

of ISA on OJAs. Figure 7 visualizes the resulting network, where the four SE occupations are represented by 

black-colored text (nodes), and KSTs are depicted with different font colors according to their ESCO pillar 

classification. Moreover, the font size of each KST is proportional to its 𝐼𝑉 to facilitate the identification of 

highly important qualifications. We note that KSTs with an 𝐼𝑉 lower than 20 were filtered out from the analysis 

to enhance the clarity and readability of the produced outcome. Interpreting the graph, nodes (KSTs) positioned 

near to each other and close to the four black occupation hubs demonstrate commonalities in the qualifications 

among the four SE occupations. The same information is visualized, split by ESCO pillar, in Appendix B. 

Indicatively, the top-5 KSTs that are “adapt to change”, “work in teams”, “have computer literacy”, “computer 

programming” and “teamwork principles” are connected by edges to all four occupations. Oppositely, nodes that 

are in isolation at the outer boundaries of the network represent prototypical KSTs to individual occupations, as 

they exhibit single connections (edges) to specific occupations. In this regard, “quality standards”, “sell 

services”, “sell products”, “mobile operating systems”, “mobile device software frameworks” and “Android 

(mobile operating systems)” form a specialized in-demand skillset for Applications programmers. 

Finally, “develop creative ideas”, “SQL”, “Java (computer programming)”, “implement front-end website 

design”, “unified modelling language”, “use query languages” and other KSTs provide must-have qualifications 

for candidates seeking for a job opportunity related to the development of (web) applications and software 

(Applications programmers, Web and multimedia developers, Software 
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developers).    Visualizations by ESCO pillars allow us to perceive connections of hard-skills to occupations, 

since in Figure 7 they are subsumed by Transversal skills and competencies. More specifically, we can observe 

that the technologies with the most central role in the network are “PHP” and “SQL”, followed (with quite some 

distance) by “C#”, “web programming”, and “databases”. In terms of specific occupations, we can observe that 

Web and multimedia developers must be aware with technologies such as “graphics editors design”, 

“CSS” and “TypeScript”, “design UIs”, and “use creative suite software”. Furthermore, for System 

Analysts, we can observe a tendency to require KSTs related to the “analysis of business requirements” and 

“analysis of business processes”. Finally, from the network analysis it becomes evident that “scripting 

programming” and “query languages” are outperforming more traditional programming paradigms and 

languages, such the “object-oriented programming”. 

• Transversal Skills and Competences (T) appear to be the ESCO pillar that contributes the most transferable 

qualifications among all the software occupations studied. 

• “adapt to change” and “work in teams” are the KSTs that appears more uniformly to all studied software oc-

cupations 

• “computer programming” is the top hard-skill that appears more uniformly to all studied software occupa-

tions.  However, each occupation shows some specific qualifications. For instance, mobile or Android-related 

KSTs are more fitting to Application Programmers, whereas UI design, CSS, TypeScript and Graphics De-

sign are more needed for Web and multimedia developers. 

• System Analysts seem to have a dual focus, either on data-related KSTs or software analysis-related KSTs. 

• Specific languages (such as PHP, SQL), programming paradigms (such as scripting and query program-

ming), or domains (such as web programming) appear to be more central in the network of KSTs, compared 

to more traditional programming paradigms and languages. 
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Figure 7. Distribution for combinations of job occupations and KSTs 
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5. Discussion  

5.1 Interpretation of Results 

In this section we discuss the main findings of this work, and interpret them either against previously reported 

results in the literature, or on our intuition. The main results from both research questions are synthesized and 

their presentation is organized by discussion topic.  

Problem Scope and Relevance: The complete list of KST that is used to characterize the profiles of OJAs for 

SE-related occupations is very long, ranging from 180-360 KSTs. This result supports previous evidence, despite 

the fact that different research methods have been used [64]. This work extends previous knowledge on skills 

that IT companies look for, by showing that the skillset required for each occupation is quite distinct, since there 

are statistically significant differences in the composition of the skillsets. These findings suggest that software 

engineering is a domain for which skills management can be very challenging. Consequently, skills management 

for SE (Skills4SE) is a research area that is industrially relevant, which can provide stimulating research 

problems, urging for novel and specialized solutions. Furthermore, the demanding and evolving landscape of 

skills for software engineering professions calls for close industry-academia collaboration to regularly monitor 

and update university curricula.   

Hard-Skills4SE: KSTs on Software Processes & Methods appear to be the kind of KST that is required 

primarily by all SE-related occupations. This finding is intuitive in the sense that regardless of the application 

domain (general, applications, web, multimedia, etc.) the baselines of SE (e.g., development methods, patterns, 

practices, etc.) are the tools to make software development more efficient. Also, in terms of the original 

taxonomy of hard skills [64] the class of Software Processes and Methods is the most inclusive in terms of 

ESCO KSTs. Additionally, our findings have suggested that KSTs on programming languages appear to be more 

relevant for Web and Multimedia Developers and Applications Programmers, underlying the 

dependence of applications (especially web and mobile apps) on the choice of the right language. Naturally, 

“computer programming” is the top hard skill that appears more uniformly to all studied software occupations. 

Nevertheless, each occupation shows some specific qualifications. For instance, mobile or Android-related KSTs 

are more fitting to Applications Programmers, whereas UI design, CSS, TypeScript and Graphics 

Design are more needed for Web and Multimedia Developers. Finally, KSTs on Data Systems are the 

most useful for Systems Analysts. Even more interestingly, the skillset required for Systems 

Analysts is characterized by uniqueness among the SE-related occupations, whereas the skillset required for 

Software Developers seems to have the most central role. These observations are also explained by the 

categorization of ISCO on SE-related occupations: (a) Web and multimedia Developers and 

Applications Programmers are the two SE-related occupations that focus solely on development, 

whereas the others are more inclusive; and (b) the occupation of Systems Analysts includes roles that 

related to Data Analysts, which are not found in the other categories. Given the rise in the demand of Data 

Analysts in the recent years [43, 80], we expect that this role tends to dominate the class of Systems 

Analysts, compared to its other roles—temporal dimension. The temporal dimension of the skills shift is also 

underlined by focusing on programming languages. Specific web-based languages (such as PHP, SQL), 

programming paradigms (such as scripting and query programming), or domains (such as web programming) 

appear to be more central in the network of KSTs, compared to more traditional programming paradigms and 

languages; to our understanding this can also be explained by the focus of software industry on data-driven 

solutions that are deployed on the cloud using web technologies, empowered by modern AI technologies [51]—

underlying a shift of technologies in the recent OJAs that we have studied. Consequently, adhering to the 4Ps 

rule [15]: “assigning the right (P)erson, with the right expertise / (P)erformance to the right (P)osition at the 

right time (P)eriod”, necessitates a formal and evidence-based identification and profiling of diverse skillsets 
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that are specialized for each occupation. 

Soft-Skills4SE: Additionally, our work suggested that Transversal skills and competences appear to be the 

ESCO pillar that contributes the most transferable qualifications among all the software occupations studied. Our 

findings extend previous results underscoring the importance of soft skills, both in the software industry [1, 57], 

but also in any collaborative environment [16, 59]. Among the soft skills the ones that are more transferable have 

proven to be “Adapt to change” and “Work in Teams”, appearing more uniformly to all studied software 

occupations, in agreement with previous findings about soft skill requirements for various software development 

positions [1]. It goes without saying that adapting to changes is a top skill for an employee in an environment 

that changes constantly, as is happening in software engineering [30, 64], especially if we consider the agile 

processes adopted by many development teams. In the software industry it is reported that people are changing 

job very frequently (every 3 to 5 years on average18); therefore, the quick adaptation in the new environment is 

an important skill, which becomes even more important that even within a company the software stack is 

changing [1] and it is needless to say that customer requests and requirements are very fluid and continuous 

changes are required [56]. Thus, software engineers with an adaptive mentality are highly admired. In terms of 

teamwork, we also believe that this is an intuitive finding, in the sense that collaborative software development is 

the prevalent (if not the only applicable) way of developing software [59]. In that sense, and by considering the 

importance of team spirit and team morale in productivity and work satisfaction, hiring employees that are 

skilled to work in teams is highly desirable. Concluding, educating early SE in soft-skills is equally important as 

educating them in hard-skills; also, from a research perspective understanding and the effect of teams’ soft-skills 

in software engineering is an interesting research direction. 

5.2 Retrospective Assessment of Bio-Diversity Analysis and Lessons Learnt 

The use of ecology and biodiversity-inspired concepts in modeling the software engineering labor market 

presents both promising opportunities and important challenges. One major consideration is that the dynamic and 

rapidly evolving nature of the software industry, with its constant introduction of new technologies, frameworks, 

and methodologies, can be difficult to fully capture using a model inspired by relatively stable natural 

ecosystems. Additionally, this approach may oversimplify the complexity of human factors, such as individual 

motivations, career aspirations, or decisions driven by personal or organizational contexts. These aspects are 

often not directly observable in job advertisements or codified in structured taxonomies. As a result, the 

approach may overlook important aspects such as personal career motivations, informal learning pathways, or 

emerging trends. Finally, questions about scalability remain, particularly as the size and complexity of the labor 

market continue to grow. Despite these limitations, ecological methodologies offer a valuable high-level 

perspective for comparative analysis, especially when combined with complementary approaches that capture 

detailed individual behaviors, learning trajectories, and context-specific dynamics. While a wide range of 

techniques in LMA rely on statistical modeling, machine learning, or artificial intelligence to extract skills and 

classify occupations from online job advertisements [71], these approaches primarily emphasize detection, 

classification, or prediction. In contrast, our biodiversity-inspired approach focuses on the composition, 

distribution, and evolution of skill sets within occupational categories, thereby complementing, rather than 

substituting, existing methodologies. Graph-based models [40], taxonomy-driven classifiers [28], and predictive 

techniques [55] offer valuable insights into structural mapping and forecasting. However, our approach provides 

a theory-driven aspect in ecological diversity, capturing specialization and role differentiation through measures 

like ISA. While we acknowledge that biodiversity theory does not address all dimensions of labor market 

dynamics, such as forecasting or semantic similarity, it adds explanatory depth to how skills are organized and 

transformed. 

 
18 https://www.linkedin.com/pulse/frequent-job-changes-its-benefits-rajesh-choubey/  

https://www.linkedin.com/pulse/frequent-job-changes-its-benefits-rajesh-choubey/
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5.3 Implications for Practitioners, Researchers, and Future Work Opportunities 

Implications for Practitioners: The findings have multiple implications for various practitioners around the 

software engineering community. First, the results of the study can be used by early-stage software engineers or 

software engineers that want to switch occupation, to understand the skills that are required for their target 

occupation. This understanding can be used for guiding possible upskilling or reskilling endeavors, but also to 

realize if they are ready to perform a career change, in terms of possessed and desired skills. Additionally, HR 

departments of SE-related organizations can improve their hiring processes, and particularly the process of 

building job advertisements, by inspecting the skills that the competition is targeting at for each occupation. 

Furthermore, educational stakeholders in the domain of SE can inspect the findings of this study to evaluate the 

industrial relevance of their departments, placing special emphasis on KSTs that are transferrable among SE-

related occupations (e.g., on team building, adaptation to change, etc.).  

Implications for Researchers: The findings of this study underlined that the specific research field, i.e., skills 

management, can benefit from the presented biodiversity-inspired indices and approaches, regardless of the 

application domain. Researchers, especially in social sciences, can leverage the alpha diversity and beta diversity 

indices to identify and reason about skills that are frequent or unique in a set of professional areas. Indicator 

Species Analysis, as presented in the context of Software Engineering occupations, can be leveraged to identify 

crosscutting / transferrable skills (across occupations) or prototypical skills within certain professions. The data-

agnostic nature of the proposed approach provides a straightforward mechanism for large-scale experimentation 

that is robust to the choice of: (a) data sources, (b) skills extraction techniques, (c) machine learning models for 

skills and occupations categorization, (d) skills/occupations taxonomies and (e) temporal and / or regional 

dimensions. The rationale of this paper complies with the “light” theory concept proposed by Avison and 

Malaurent [90], which champions replacing excessive focus on theory development, with the provision of 

empirical evidence. Relying on such evidence, we have provided empirical evidence suggesting policy makers 

and skill experts provide a taxonomy of occupations that are organized first per application domain (e.g., web, 

cloud, mobile, applications, etc.) and then a second level taxonomy based on the role (e.g., developer, analyst, 

data analyst, designer, tester, etc.). As the current taxonomy of ISCO stands the 4 SE-related occupations are 

mixing roles and domains at the same level, leading to an important overlap of required KSTs, which is 

confusing for both practitioners and researchers. 

Future Work Opportunities: We encourage researchers to further work with the developed dataset to prioritize 

the links between KSTs and occupations using explainable AI techniques.  Another interesting extension would 

be to develop competence and skills matrices for each occupation, along various KST levels. The findings from 

the application of biodiversity inspired approach open future research directions that could prove beneficial for 

monitoring the workforce of future professionals and occupations. One such direction involves replicating the 

study using alternative digital sources for collecting OJAs from industry. This would enable researchers and 

practitioners to empirically uncover insights at a more fine-grained level of analysis focusing on specialized job 

roles within occupations of interest. In addition, several critical research questions emerge within the proposed 

approach. For example, it would be of great importance to understand whether a high diversity of skills in the 

software ecosystem or within specific occupations has a positive effect or poses challenges for industry. This 

question has direct implications for policymaking, as it remains unclear whether stakeholders should promote 

skill variation or instead prioritize a narrower set of better-controlled competences. Furthermore, it is worth 

exploring whether the digital transformation of industry contributes to the extinction of traditional skills and 

competences, while simultaneously encouraging the transition into newly digital and green-related job 

requirements. Finally, another research direction would be to investigate whether it is even feasible to restrict the 

diversity of skills, given the extremely complexity of human nature and the continuously growing needs of 

society. These considerations lead to broader questions regarding the role of skills diversity in promoting 
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individuality, inclusiveness, equality, innovation, freedom of choice, personal evolution or, conversely, in 

enabling biased evolution toward controlled stereotypes. 

5.4 Threats to Validity and Limitations 

Considering that the goal of this study was to explore the landscape of knowledge, skills and competences that 

characterize the profiles of OJAs for SE-related occupations, a valid threat to the generalizability (or external 

validity) of the findings can be identified. The retrieval of approximately 1.2 million OJAs, obtained from the 

collaborative data collection effort between CEDEFOP and Eurostat and compiled in the WIH-OJA database 

partially mitigates this threat; nevertheless, the results should be interpreted with caution, as they reflect a 

particular timeframe (i.e., the first nine months of 2024), specific SE-related professional occupations 

(Applications Programmers, Software Developers, Systems Analysts, Web and Multimedia Developers) and a 

particular geographical region (i.e., EU27 Member States, EFTA countries and the United Kingdom).  

Resorting to the established ESCO skills framework for the classification of skills and the ISCO-08 occupations 

pillar mitigate construct validity threats, as these taxonomies provide structured definitions for 13,939 skills and 

3,039 occupations. However, we acknowledge that certain newly emerging skills (e.g., PyTorch, Jupiter 

Notebooks, Flask etc.) and occupations (e.g., Prompt Engineer, Digital Twin Engineer etc.), that may 

characterize SE-related professionals may not yet be integrated into the ESCO taxonomy or may be classified 

under broader existing categories. We believe that this construct validity threat is mitigated by relying on the 

most recent version of the ESCO skills pillar available at the time of analysis. In any case, it should be 

underlined, that the data-agnostic nature of the proposed approach enables future replication using updated 

ESCO databases, or any real-world datasets containing presence / absence features for skill-related information, 

whether from OJAs, resumes, interview assessments, internal HR systems or other frameworks such as O*NET. 

Another construct validity threat arises from the fact that the study is entirely based on a pre-processed tabular 

format originally developed by CEDEFOP and integrated into Eurostat's WIH, where the mapping of raw skills 

demand expressed in textual form to ESCO skills and ISCO occupations was performed using its standardized 

data pipeline comprising several steps and processes19. As such, we did not perform any manual or algorithmic 

pre-processing on the raw text of the OJAs corpus, nor we developed any machine learning approach for skills 

extraction or mapping purposes. On one hand, this pre-processed tabular database may lead to certain 

limitations, since the original title and description of each OJA are not available, preventing more fine-grained 

analysis of industry-specific roles and job descriptions (e.g. IoT Developer, Data Analyst, etc.) that may appear 

in original OJA titles. It also limits the ability to investigate and uncover potential discrepancies or misuses 

within or across industry sectors. Moreover, the closed-source nature of various ontology-based and machine 

learning models used in the WIH-OJA database to classify each OJA to a particular occupation or to extract and 

map text to a specific skill, constitutes a distinct construct validity threat. On the other hand, these limitations 

and potential threats to construct validity are substantially mitigated by the rigorous quality control processes 

implemented by WIH members, since quality assurance constitutes a primary concern for the key stakeholders 

(CEDEFOP, Eurostat, European Commission) involved. The employed quality control processes, which include 

data validation and quality monitoring by WIH members, help ensure the reliability and validity of the dataset. In 

this regard, utilizing a custom dataset of OJAs would introduce even more threats to validity and bias, stemming 

from the subjectivity related to data source selection, as well as the implementation of data pre-processing, skills 

extraction techniques and mapping approaches to the ESCO skills and occupations frameworks.           

Finally, the statistical validity of the findings has, to the best of our knowledge, been secured using multiple, 

complementary statistical analyses before drawing any conclusions and by the provision of a documented and 

 
19 https://cros.ec.europa.eu/wih/oja 
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navigable replication package.  

6. Conclusions 

This study aims to profile knowledge, skills and competencies required for a career in software engineering. To 

achieve this goal, we have analyzed more than 1 million job advertisements as collected by Eurostat and 

CEDEFOP. The means of analysis was an adapted biodiversity approach that calculated various indices, by 

mapping ecology terms to the SE workforce ecosystem. The analysis has unveiled that the complete list of 

knowledge, skills and competencies that is used to characterize the profiles of job advertisements for SE-related 

occupations is very broad, and that the skillset required for each occupation is quite distinct, since there are 

statistically significant differences in the composition of the skillsets. For instance: (a) the skillset required for 

System Analysts is characterized by uniqueness among the SE-related occupations, whereas the skillset required 

for Software Developers seems to have the most central role; and (b) KSTs on Software Processes & Methods 

appear to be the kind of KST that is required primarily by all SE-related occupations; whereas KSTs on 

Programming languages appear to be more relevant for Web and multimedia developers and Application 

programmers and KSTs on Data Systems are the more useful for System Analysts. Additionally, Transversal 

Skills and Competences (T) appear to be the most transferable qualifications among all the software occupations 

studied. More specifically, “adapt to change” and “work in teams” are the KSTs that appears more uniformly to 

all studied software occupations; whereas “computer programming” is the top hard-skill that appears more 

uniformly to all studied software occupations.  However, each occupation shows some specific qualifications. 

For instance, mobile or Android-related KSTs are more fitting to Application Programmers, whereas UI design, 

CSS, TypeScript and Graphics Design are more needed for Web and multimedia developers. In terms of specific 

occupations, System Analysts seem to have a dual focus, either on data-related KSTs or software analysis-related 

KSTs; whereas in terms of skills we note that specific languages (such as PHP, SQL), programming paradigms 

(such as scripting and query programming), or domains (such as web programming) appear to be more central in 

the network of KSTs, compared to more traditional programming paradigms and languages. 
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