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Abstract 

The current study proposes a multi-KPI approach for the alignment of job offers with candidate 
profiles that combines semantic signals, skill coverage indicators, and behavioral/contextual 
dimensions into a single decision support architecture. The approach is based on a semantic-first 
paradigm that represents job offers and candidate profiles as text embeddings that can be compared 
using the cosine similarity measure to produce a scalable baseline ranking that remains robust across 
different languages and styles. The baseline approach can then be extended using additional KPIs 
that capture different dimensions of the candidate-job alignment: the Hard Skill Coverage Ratio 
(HSCR) and the Skill Gap Index (SGI) measure the satisfaction of hard skill requirements and the 
remaining skill gaps; the Hard Skill Proficiency Similarity (HSPS) measures semantic similarity in the 
hard skill domain; the Soft Skill Semantic Alignment (SSSA) and the Soft Skill Evidence Density 
(SSED) measure the semantic similarity of the candidate behavior and the quality of the corroborating 
evidence; the Cultural & Team Fit Score (CTFS) addresses the organizational fit; and other indicators 
cover the operational feasibility of the candidate-job match. The approach is implemented using 
Python and tested using a realistic testbed of 300 EURES job postings and 300 heterogeneous 
candidate profiles across different formats and languages. The results show that the semantic 
approach yields a stable baseline that can be used to produce coherent and well-ordered shortlists of 
candidate-job pairs while the additional KPIs improve the interpretability of the approach and the 
feasibility of constraint satisfaction. The analysis of the candidate-job scores and the separations of 
the rankings also reveals that there are clusters of technically equivalent candidates and that there 
are clear cases of dominance. Overall, the approach can support an incremental move toward multi-
criteria decision making while balancing scalability, transparency, and governance-by-design 
requirements. 

Keywords: job–candidate matching; semantic embeddings; multi-KPI framework; skill coverage; 
decision support systems 
 

1. Introduction 

Digital recruitment platforms and labor markets are increasingly employing automated or semi-
automated systems to support job-c candidate matching. The increase in unstructured data contained 
in job advertisements and curricula vitae (CVs), which are composed of heterogeneous writing styles 
and multiple languages, has further fueled research into decision support systems. Therefore, 
research has been carried out on a broad spectrum of techniques ranging from rule-based techniques 
to machine learning-based techniques and embedding-based semantic similarity models (Kurek et 
al., 2024; Frazzetto et al., 2025). Although these techniques are significantly better at handling large 
sets of documents, they also pose a trade-off in semantic flexibility, interpretability, and usability. For 
example, embedding-based techniques provide powerful tools to measure semantic-level similarity 
between job advertisements and candidate CVs to address issues with keyword-based matching. The 
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potential of embedding-based techniques has also been enhanced by employing graph-based 
techniques and inductive learning techniques, among others (Frazzetto et al., 2025). The recruitment 
process involves a complex multi-criteria decision problem where technical needs, skill gaps, soft 
skills, organization culture, and logistics must be considered simultaneously. However, research 
carried out by experts has shown that hiring involves complex trade-offs. The decision process cannot 
be reduced to a single measure of semantic similarity. In fact, most research has concentrated on a 
single best measure of semantic similarity or skills match. The ranking produced by most decision 
support systems is difficult to interpret or audit. Moreover, it does not match real-world decision-
making constraints. Although novel techniques such as knowledge graph-based semantic relatedness 
in job title matching have been proposed (Zadykian et al., 2025), a gap exists between high-
performance black-box-based techniques and decision support systems where recruitment decision-
making needs to be explained, governed, and controlled in addition to being scalable and having 
high performance (Aleisa et al., 2023). The research question that is being addressed in the paper is: 
“How can job-candidate matching be operationalized as a multi-dimensional, interpretable, and 
scalable decision-support process that combines semantic similarity with explicit skill-based, 
behavioral, and contextual constraints?” To achieve this, we propose a novel multi-KPI algorithmic 
framework that is intended to help decision-makers make better choices with the help of a number 
of structured “fit” indicators, including technical requirement coverage, skills gaps, semantic 
similarity of technical profiles, soft skills compatibility, evidence density, cultural team fit, and 
contractual/contextual compatibility. The novelty of the work resides not in the introduction of an 
additional score, but in the integration of heterogeneous “fit” indicators within a single unifying 
framework. Although zero-shot recommendation models like Kurek et al. (2024) and graph neural 
networks like Frazzetto et al. (2025) achieve outstanding results in automated matching, they are 
mostly optimized towards a single modeling paradigm. The novelty of our work resides in the 
combination of discrete rule-based KPIs with continuous embedding-based semantic measures and 
evidence-based “fit” indicators, allowing the system to operate both as a high-recall semantic 
retrieval system and as a constraint-based multi-criteria evaluation system, with incremental 
refinement capabilities without compromising interpretability. In an empirical context, the study 
positions itself within the context of an industrial project that is funded using public resources and 
aims at developing data support systems for labor market matching and workforce policymaking. 
The relevance of the study is further highlighted by the evaluation of the proposed system using 
various job postings and CVs that are more likely to represent real-world operational contexts than 
artificially generated data sets. The use of further AI recruitment tools within the context of national 
labor markets further highlights the relevance of the study, as mentioned in Aleisa et al. (2023). The 
relevance of the study can be highlighted from the context of the existing literature on matching 
systems along three different dimensions. First, the study proposes a structured methodological 
framework that can integrate semantic matching with constraint handling using a single architecture. 
Second, the study proposes a set of KPIs that can be used for decision-making purposes within the 
context of matching systems, while also highlighting the relevance of interpretability. Third, the 
study proposes an empirical analysis that is based on an industrial project funded using public 
resources, thus highlighting the relevance of the study. 

The article continues as follows: in Section 2, the literature review is provided, while Section 3 
defines the overall methodological framework, from scores to the multi-KPI approach for recruitment 
matching. Section 4 defines the embedding-based semantic approach for job-CV matching, while 
Section 5 evaluates the Hard Skill Coverage Ratio (HSCR) approach, especially the requirement-
based ranking approach. Section 6 defines the Hard Skill Proficiency Similarity (HSPS) approach, 
especially the semantic approach for high-recall matching. Section 7 defines the Skill Gap Index (SGI) 
approach for providing additional information for hard skills-based matching. Section 8 defines the 
Soft Skill Semantic Alignment (SSSA) approach for continuous soft skills-based matching, while 
Section 9 defines the Soft Skill Evidence Density (SSED) approach for providing evidence-based 
support for soft skills-based matching. Section 10 defines the Cultural and Team Fit Score (CTFS) 
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approach for providing additional information for organizational compatibility-based matching, 
while Section 11 defines the Contract Compatibility Score (CCS) approach for providing evidence-
based support for multi-stage recruitment pipeline-based matching. Section 12 defines the Location 
and Mobility Fit Index (LMFI) approach for constraint-based matching, while Section 13 evaluates 
the Seniority and Compensation Alignment (SCA) approach for providing a high-resolution measure 
of structural compatibility-based matching. Section 14 evaluates the overall performance of the multi-
KPI approach for providing evidence-based support for multi-stage recruitment pipeline-based 
matching, while Section 15 evaluates the overall approach of integrating hard skills, soft skills, and 
other factors for recruitment matching purposes. Finally, Section 16 defines the overall limitations of 
the article, while Section 17 defines the conclusion of the article. 

2. Literature Review 

Recent studies on AI-based recruitment processes indicate that there is a strong trend toward 
semantic similarity, deep learning, and end-to-end automation. Ajjam and Al-Raweshidy (2026) 
suggest an embedding-based semantic matching framework similar to our work but still centered 
around one dominant matching criterion. Kim (2026) changes the focus by examining the 
implications and risks of AI-based recruitment processes at the macro-level of society. Although this 
aligns with our emphasis on the importance of awareness and understanding at the macro-level, it 
does not offer any framework. The majority of the recent contributions focus on resume screening 
and scoring from an engineering and workflow optimization point of view. Liu et al. (2026), Dangeti 
et al. (2026), Sawant et al. (2026), Chihab et al. (2025), Barath et al. (2025), Hepzibah et al. (2025), Yadav 
et al. (2025), Ammupriya et al. (2025), Nabila et al. (2025), Singla et al. (2025), Dhobale et al. (2025), 
Tilve et al. (2025), Gangoda et al. (2024), and Waghmare et al. (2024) are some of these papers. 
Although these systems improve the efficiency and effectiveness of the recruitment process, they still 
use the monolithic concept of matching as an optimization problem. In these systems, different 
dimensions of matching are fused into one score. From the recommender systems and methodology 
point of view, Çelik Ertuğrul and Bitirim (2025) indicate the problems of explainability, hybridization, 
and evaluation in matching. They suggest the concept of multi-sided fairness in algorithmic hiring 
by Kaya and Bogers (2025). Likewise, hyper-personalization-based approaches (Alqudah et al., 2025) 
or personality-based approaches (Khan et al., 2025) enhance the notion of ʺfitʺ but integrate these 
dimensions into unifying, largely uninterpretable scoring systems. A second group of papers 
enhances the technical scope of matching using multimodal data or advanced learning techniques 
(Wu et al., 2025; Yazici et al., 2024; Dilli Ganesh et al., 2025; Kurek et al., 2024; Zhang, 2024), or 
predictive/zero-shot techniques (Waghmare et al., 2024; Kurek et al., 2024). Again, while technically 
sophisticated, these systems continue to view matching as an end-to-end prediction or ranking 
problem, rather than a decomposable multi-criteria decision problem. Other papers take a broader 
approach, proposing infrastructure, platform, or strategic-level AI-driven recruitment systems or 
models (Badouch & Boutaounte, 2025; Wahyuningrum et al., 2025; Es-Said et al., 2025; Saouabe et al., 
2025; Kumar et al., 2025; Pandit et al., 2024; Dilusha et al., 2024; Jamil et al., 2024; Bhalke et al., 2024; 
Choudhuri et al., 2024). Other related papers address adjacent components in the recruitment 
pipeline, including resume generation, job portals, or user experience (Jha et al., 2025; Kulkarni et al., 
2025; Haneef et al., 2025; Babalola et al., 2024), or organizational/performance outcomes in particular 
contexts, including social media recruitment (Al-Dmour et al., 2025) or career development (Sathish 
et al., 2024; Noel & Sharma, 2024). While these papers provide further evidence of the increasing 
ubiquity of AI in HR systems, they do not address the question of how to formally address matching 
as a controllable, multi-dimensional problem. From methodological and historical perspectives, Mat 
Saad et al. The recent works by (2022) and Rojas-Galeano et al. (2022) provide reviews and 
bibliometric analyses that reinforce the prevalence of model-centric, performance-oriented 
approaches. Previous systems based on classical machine learning and deep learning paradigms, as 
in Najjar et al. (2021), Mridha et al. (2021), Vasilescu et al. (2019), demonstrate the progress of 
automated screening and ranking systems, while Martínez and Fernández (2019) introduce rule-
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based and ontology-driven approaches specifically targeting ethical and legal auditing. Sharma and 
Garg (2024) further explore optimization-based HR analytics, while Mohamed et al. (2024) propose a 
precision CV matching system, again based on unified optimization/scoring paradigms. Together, 
they attest to the continuous expansion of technical, data, and application domains, while also 
exemplifying the conceptual limitation of the unified approaches: job-candidate matching is still 
treated as a prediction, ranking, or process-automation problem. In contrast, the current article 
proposes a new methodological direction by defining matching as a multi-criteria, interpretable, and 
auditable decision support process, based on a unified set of complementary KPIs covering semantic 
similarity, skill sets, behavioral evidence, as well as contextual/contractual feasibility, which may be 
seen as filling the gap left unaddressed in the literature, which is largely implicit or unstructured. See 
Table 1. 

Table 1. Positioning the Proposed Multi-KPI Framework within the Recruitment and Matching Literature. 

Macro-
Theme Representative Works 

Main 
Focus & 
Results 

Methods / 
Algorithms 

Critical Limit w.r.t. Our 
Approach 

Semantic & 
ML-Based 
Matching 

Ajjam & Al-Raweshidy (2026); Wu et al. 
(2025); Yazici et al. (2024); Dilli Ganesh 
et al. (2025); Kurek et al. (2024); Zhang 
(2024); Waghmare et al. (2024) 

Improve 
matching 
accuracy 
via 
embeddi
ngs, deep 
learning, 
multimo
dal data, 
zero-shot 
or hybrid 
models 

Sentence 
embeddings, 
Transformers, 
CNNs, multimodal 
models, knowledge 
graphs, zero-shot 
learning 

Matching is framed as a 
single end-to-end 
prediction or ranking 
problem; lacks 
decomposition into 
interpretable decision 
dimensions (e.g., 
coverage, gaps, 
constraints, evidence) 

Resume 
Screening, 
Parsing & 
Ranking 
Pipelines 

Liu et al. (2026); Dangeti et al. (2026); 
Sawant et al. (2026); Chihab et al. (2025); 
Barath et al. (2025); Hepzibah et al. 
(2025); Yadav et al. (2025); Ammupriya 
et al. (2025); Nabila et al. (2025); Singla et 
al. (2025); Dhobale et al. (2025); Tilve et 
al. (2025); Gangoda et al. (2024); 
Mohamed et al. (2024); Sharma & Garg 
(2024); Najjar et al. (2021); Mridha et al. 
(2021); Vasilescu et al. (2019) 

Automat
e 
screening
, parsing, 
scoring, 
and 
ranking 
to 
improve 
efficiency 
and 
throughp
ut 

NLP pipelines, rule-
based systems, 
ML/DL classifiers, 
GA+NN 
optimization, 
scoring functions 

Typically rely on 
monolithic scores that 
fuse heterogeneous 
aspects of “fit” into a 
single opaque value, 
limiting explainability, 
auditability, and 
governance 

Recommende
r Systems, 
Personalizatio
n & Fairness 

Çelik Ertuğrul & Bitirim (2025); Kaya & 
Bogers (2025); Alqudah et al. (2025); 
Khan et al. (2025) 

Highlight 
explainab
ility, 
hybridiza
tion, 
fairness, 
and 
enriched 
notions 
of “fit” 
(e.g., 
personali
ty, 
personali
zation) 

Recommender 
systems, transfer 
learning, 
personality-based 
models, fairness-
aware frameworks 

Although conceptually 
rich, “fit” is still 
embedded in unified 
scoring models and not 
operationalized as 
explicit, auditable KPIs 
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Platforms, 
Infrastructure 
& Strategic 
HR AI 

Badouch & Boutaounte (2025); 
Wahyuningrum et al. (2025); Es-Said et 
al. (2025); Saouabe et al. (2025); Kumar 
et al. (2025); Pandit et al. (2024); Dilusha 
et al. (2024); Jamil et al. (2024); Bhalke et 
al. (2024); Choudhuri et al. (2024); Jha et 
al. (2025); Kulkarni et al. (2025); Haneef 
et al. (2025); Babalola et al. (2024); Al-
Dmour et al. (2025); Sathish et al. (2024); 
Noel & Sharma (2024); Lamikanra & 
Obafemi-Ajayi (2023) 

Focus on 
end-to-
end 
platforms
, UX, 
infrastruc
ture, 
blockchai
n, 
organizat
ional 
impact, 
and HR 
transfor
mation 

Web platforms, LLM 
tools, RAG, 
blockchain, 
workflow systems, 
strategic frameworks 

Address ecosystem and 
process rather than the 
core decision model; 
matching remains a 
black-box or secondary 
component 

5. Reviews, 
Bibliometrics 
& 
Governance-
Oriented 
Foundations 

Yejju et al. (2026); Mat Saad et al. (2022); 
Rojas-Galeano et al. (2022); Martínez & 
Fernández (2019) 

Map the 
field, 
highlight 
trends, 
and 
introduce 
early 
governan
ce/ethics 
perspecti
ves 

Systematic reviews, 
bibliometrics, 
ontology-based and 
rule-based auditing 
approaches 

Identify the need for 
transparency and 
accountability, but do 
not provide a concrete 
multi-KPI operational 
decision framework 

Note. This table synthesizes major research streams in AI-based recruitment, highlighting their 
methods and limitations, and situates our multi-KPI framework as an interpretable, modular, and 
governance-oriented alternative to monolithic matching approaches. 

2.1. From Matching Pipelines to Decision Support: Structural Patterns in the Recruitment AI Literature 

The network analysis offers a quantitative and structural understanding of the conceptual 
organization of the literature on AI-driven recruitment and job/candidate matching processes 
(Potočnik et al., 2024; Van Esch et al., 2019). Table X displays the most important centrality measures 
of the core KPIs, including degree centrality, weighted degree centrality, and betweenness centrality. 
The structural configuration of the network reveals that the overall structure is highly polarized 
around the core nodes. The small number of concepts controls most of the network’s connectivity 
and intermediation. As shown in Table X, job/candidate matching is found to be the most important 
node in the network. It bears the highest degree centrality score (9), the highest weighted degree 
centrality score (55), and a very high betweenness centrality score (0.4167). The last score reveals that 
job/candidate matching not only tends to co-occur most often with other concepts but also acts as an 
important intermediary by appearing on a considerable percentage of the shortest paths connecting 
different parts of the network. From the structural configuration of the network, it becomes evident 
that the literature centers around the general issue of matching labor demand and supply. 
Job/candidate matching acts as the most important concept connecting different research streams. 
These streams comprise resume/job matching, automated resume screening, semantic similarity, AI-
driven recruitment, and issues of explainable AI in recruitment and AI hiring in government 
(Sajjadiani et al., 2019; Liem et al., 2018; Raghavan et al., 2020; Bogen & Rieke, 2018). This finding 
quantitatively supports the interpretation that, regardless of their technical or methodological 
specializations, the majority of the contributions frame their objectives with regard to the more 
general problem of job-candidate matching. A structural finding of particular interest is the role of 
semantic embeddings. While the degree of this node is lower than that of job-candidate matching, at 
6, and the weighted degree, at 15, is also lower, the highest value of betweenness centrality, at 0.4676, 
is found for this node. This finding can be interpreted to mean that, more than with regard to any 
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other pair of weakly connected subdomains, this concept serves as a bridge. It can be concluded that 
embedding-based representations and text embeddings in the context of HR constitute the primary 
methodological infrastructure that unifies different approaches to the problem of recruitment 
matching (Ajjam & Al-Raweshidy, 2025). The table thus provides quantitative evidence that, far from 
being a technical option among many, semantic embeddings constitute the primary connective 
mechanism for linking different approaches, such as semantic similarity models, resume-job 
matching, AI-based approaches to recruitment matching, automated resume screening, work on 
explainability, and work on interpretability (Liem et al., 2018). The application-oriented nature of this 
field is seen in the quantitative data provided by the metrics for resume-job matching and automated 
resume screening, which, at 7 each, have relatively high values for the degree metric, while their very 
high values for the weighted degree metric, at 44 each, indicate a strong co-occurrence with many 
other concepts in the corpus. At the same time, their betweenness centrality remains relatively low at 
0.0625 for both authors, which implies that they are not important conceptual bridges between 
various research areas. On the contrary, these are groups of densely interconnected nodes, each of 
which is focused on operational pipelines for filtering, ranking, and screening CVs (Sajjadiani et al., 
2019; Van Esch et al., 2019). This is also in line with the prevalence of engineering-related 
contributions, which focus on optimization, efficiency, and scalability, often viewing the matching 
process as an optimization of workflow automation, as opposed to multi-criteria decision making. 
The same can be said of the use of semantic similarity and AI-based recruitment, both of which are 
indicated by a moderate to high degree value of 6 and 7, respectively, with corresponding weighted 
degree scores of 22 and 33, indicating strong usage and diffusion of these concepts within the 
literature (Ajjam & Al-Raweshidy, 2025; Potočnik et al., 2024). However, both of these concepts are 
accompanied by very low betweenness centrality scores of 0.0093 and 0.0069, suggesting that these 
are not acting as structuring agents within the overall network, but are instead being used as part of 
existing approaches, perhaps as technical tools or as part of the broader context of existing 
approaches. In terms of structural interpretation, this again supports the view that these concepts are 
not being used as part of an explicit multi-KPI evaluation framework, but are being incorporated into 
monolithic models in which different aspects of fit, such as hard skill coverage, skill gap analysis, and 
soft skill assessment, are being implicitly combined within a single ranking or scoring function 
(Sajjadiani et al., 2019). The table also helps to clarify the position of explainable AI within recruitment 
and fairness, as well as fairness in AI-based recruitment approaches. These nodes also have non-
negligible degree and weighted degree values (5 and 7, respectively; 11 and 38, respectively), which 
indicate their presence and discussion in conjunction with core technical issues (Raghavan et al., 2020; 
Mehrabi et al., 2021). Nevertheless, their betweenness centrality remains low at 0.0787 and 0.0069, 
respectively, which indicates their peripheral nature. Quantitatively, this also indicates that issues 
related to transparency, accountability, and governance tend to be related to existing AI-based 
recruitment and automated resume screening approaches rather than the core architecture of the 
matching system itself (Bogen & Rieke, 2018; Liem et al., 2018). Lastly, the least centrally located 
nodes in the network relate to recruitment decision support systems and skill extraction. The degree, 
weighted degree, and betweenness centrality values for this node are minimal at 1, 2, respectively, 
and 0, respectively. This provides strong quantitative evidence that the literature rarely discusses the 
issue of matching in the context of a decision support system, nor does it discuss the issue of skill 
extraction as a separate, relevant dimension for decision-making. This provides evidence that this 
issue tends to be treated as a component of a broader, end-to-end prediction system rather than being 
treated as a component of a multi-criteria decision-making system (Potočnik et al., 2024). Overall, the 
quantitative metrics reported in the table, along with their structural implications, provide a coherent 
quantitative portrait of the literature. The literature tends to be dominated by approaches related to 
semantic matching, with semantic embeddings being the primary integrative methodology (Ajjam & 
Al-Raweshidy, 2025). The literature also tends to be dominated by application-focused research on 
resume-job matching and automated resume screening approaches (Sajjadiani et al., 2019; Van Esch 
et al., 2019). At the same time, the notion of the multi-KPI, interpretable, and governance-aware 
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recruitment process as a decision support process is structurally weak and underdeveloped 
(Raghavan et al., 2020; Mehrabi et al., 202 This quantitative structure is consistent with the qualitative 
findings of the literature review, supporting the claim of the proposed multi-KPI framework as an 
attempt to place itself in an underexplored area of the field, shifting the focus away from monolithic 
matching scores toward a more modular, interpretable, and auditable decision support architecture. 
See Table 2. 

Table 2. Network Centrality Analysis of Core Concepts in AI-Based Recruitment Research. 

KPI Degree Weighted Degree Betweenness Centrality 
semantic embeddings 6 15 0.467593 
job-candidate matching 9 55 0.416667 
explainable AI in recruitment 5 11 0.078704 
resume-job matching 7 44 0.062500 
automated resume screening 7 44 0.062500 
semantic similarity 6 22 0.009259 
fairness and governance in AI hiring 7 38 0.006944 
AI-driven recruitment 7 33 0.006944 
recruitment decision support systems 1 2 0.000000 
skill extraction 1 2 0.000000 

Note. This table reports degree, weighted degree, and betweenness centrality for key concepts in the 
literature network, highlighting which topics act as hubs and bridges in the research landscape and 
motivating the integrative, multi-KPI perspective adopted in this study. 

The above figure 1 depicts the KPI-KPI co-occurrence network at the paragraph level in the 
literature review section. As can be observed, it provides a visual representation of the conceptual 
structure of the field. At the center of this structure, it can be noted that the process of job-candidate 
matching has become the main hub. This suggests that the literature has been centered on addressing 
the overarching problem of matching labor demand with labor supply. Moreover, it has been 
observed that most concepts are discussed in direct relation to this overarching objective. This 
suggests that most concepts are discussed in direct relation to this overarching objective (Potočnik et 
al., 2024). The cluster of concepts such as semantic embeddings, semantic similarity, resume-job 
matching, automated resume screening, AI-based recruitment, fairness and governance in AI hiring, 
and explainable AI in recruitment surrounds the main hub. The thickness of the lines connecting 
these concepts suggests that they are discussed in close proximity to one another in the paragraphs. 
This suggests that this field has been following a research direction where semantic concepts are 
combined with automated resume screening processes, along with concerns related to fairness and 
explainability (Ajjam & Al-Raweshidy, 2025; Raghavan et al., 2020). Practically, the figure 
corroborates that the dominant literature is organized around semantic matching and automated 
screening pipelines, with ethical and transparency issues being integrated within the same technical 
framework, rather than changing it (Mehrabi et al., 2021; Raghavan et al., 2020). Semantic 
embeddings and semantic similarity can be found as well-integrated nodes within the dominant 
cluster, which highlights the importance of distributed text representations as a unifying 
methodological framework across many of the literature works. These concepts are not independent 
of one another, as they are strongly intertwined with application aspects such as screening/matching, 
which reflects the recent trend of incorporating embedding-based methodologies and semantic 
similarity approaches in the literature (Ajjam & Al-Raweshidy, 2025). In contrast, two nodes can be 
easily recognized as being on the periphery of the network, namely the one related to decision 
support systems in recruitment and the one related to skill extraction. The former node is strongly 
connected to the rest of the network only through job-candidate matching, which highlights that the 
decision support perspective is still on the periphery of the literature, failing to function as an 
important structuring dimension (Potočnik et al., 2024). The same can be said about the node of skill 
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extraction, which is found to be isolated, reflecting its treatment as an auxiliary technical step, rather 
than an independent, conceptually central dimension of the decision process. The figure can be 
recognized as providing a visual synthesis that is in line with the theoretical analysis. The dominant 
literature is centered around a technical, application-oriented core, which revolves around semantic 
matching and automated screening, while the decision support perspective on the multi-criteria, 
interpretable, and governance-aware nature of the recruitment process is on the periphery of the 
conceptual network, as highlighted by the analysis of the nodes (Raghavan et al., 2020; Mehrabi et 
al., 2021). From this vantage point, the multi-KPI framework can be recognized as targeting a 
structurally underexplored domain, aiming to transform the matching process from an exclusive 
ranking/prediction task to a structured, decomposed, and controllable decision-making process. See 
Figure 1. 

 

Figure 1. KPI–KPI Co-Occurrence Network in Recruitment Research (Paragraph Level). Note. Nodes represent 
recurring concepts and edges paragraph-level co-occurrence, revealing job–candidate matching as the central 
hub, dense links among semantic and screening themes, and peripheral roles for decision support and skill 
extraction within the literature. 

The above Figure 2 represents the co-occurrence network of articles, keywords, and key 
performance indicators (KPIs), providing a more comprehensive and detailed overview of the 
conceptual space of the literature under examination. In contrast to the KPI network, it can clearly 
distinguish between document nodes and conceptual nodes, making it easier to monitor the variety 
of different contributions to specific topics, which are grouped around specific keywords (Potočnik 
et al., 2024). In the center of the network, there is a dense group of nodes, which are highly 
interconnected, covering a significant number of keywords, such as job candidate matching, resume-
job matching, automated resume screening, semantic embeddings, semantic similarity, AI-based 
recruitment, explainable AI in recruitment, fairness, and governance in AI hiring. The importance of 
the above group of keywords, which are highly connected, can be identified by the significant number 
of related articles, implying that the literature under examination is highly focused on the application 
of semantic matching and automated screening, with a strong emphasis on the technical-operational 
aspects of the respective tasks (Ajjam & Al-Raweshidy, 2025). A small portion of more recent 
literature is focused on explainability and fairness, too, in the context of semantic matching and 
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automated screening, as suggested by Raghavan et al. (2020), Mehrabi et al. (2021), still within the 
technical-operational context. The significant presence of the keyword “semantic embeddings” as one 
of the highly connected nodes of the network further supports the above finding that it provides a 
unifying, shared infrastructure for a significant portion of the literature under examination (Ajjam & 
Al-Raweshidy, 2025). A significant number of articles are related to more than one keyword of the 
group, implying the existence of different approaches incorporating aspects of semantic similarity, 
automated screening, and, to some extent, explainability. Apart from the above-mentioned core, 
some of the peripheral concepts that are weakly interconnected include multi-KPI evaluation 
framework, talent matching, soft skills evaluation, decision support system in HR management, hard 
skills coverage, skills gaps evaluation, and text embeddings in HR management. The weak 
connectivity of the above-mentioned concepts with the core concepts as well as with each other might 
be due to the lower representation of these concepts as unique entities in the literature. The concepts 
that are associated with an explicitly multi-criteria decision-support approach, along with an 
emphasis on multi-KPI evaluation, are located at the periphery of the network, where connectivity 
with other concepts is minimal, i.e., with only a few articles. The figure indicates that the literature of 
this domain is mostly focused on the technical application of the core of semantic matching/screening. 
The dimensions of semantic matching, which specify the criteria, hard skills evaluation, soft skills 
evaluation, and decision support, are located at the periphery of the network. The connectivity of the 
above-mentioned concepts with each other as well as with the core of the network supports the idea 
that the field of semantic matching/screening is mostly focused on model-centric as well as pipeline-
centric approaches (Ajjam & Al-Raweshidy, 2025). The above figure also emphasizes the significance 
of the current manuscript, as it covers an under-explored part of the network with an alternative 
multi-KPI-based decision-support framework, as opposed to monolithic approaches of matching, as 
emphasized in the literature (Raghavan et al., 2020; Mehrabi et al., 2021). See Figure 2. 

 

Figure 2. Article–Keyword–KPI Co-Occurrence Network of the Recruitment Matching Literature. Note. This 
network maps articles, keywords, and KPIs, revealing a dense core around semantic matching and screening, 
with explainability and multi-KPI decision support remaining peripheral, highlighting an underexplored space 
addressed by the proposed framework. 

3. From Monolithic Scores to Modular Evidence: A Multi-KPI Methodology for 
Recruitment Matching 
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The methodological choice underlying this framework is to move beyond monolithic matching 
strategies—whether purely semantic or purely rule-based—and to decompose the notion of “fit” into 
a structured family of complementary, interpretable, and modular KPIs. See Figure 4. 

 
Figure 4. Architecture of the Multi-KPI, Evidence-Based Job–Candidate Matching Framework. Note. The figure 
illustrates a layered pipeline integrating discrete constraints, semantic similarity, and evidence density KPIs, 
transforming black-box scoring into transparent, multi-criteria decision support for scalable, interpretable, and 
governance-aware recruitment matching across real-world job and CV data. 
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Each of these measures is associated with a particular, theoretically grounded dimension of 
compatibility, including explicit satisfaction of technical requirements (HSCR, SGI), semantic 
proximity of technical profiles (HSPS), behavioral and interpersonal compatibility (SSSA, SSED, 
CTFS), and feasibility constraints of operations (CCS, LMFI, SCA). What is original in our proposal 
is not any particular measure taken in isolation, but their systematic integration into a single 
framework that integrates different types of evidence, including discrete measures defined on sets 
(HSCR, SGI, CCS), continuous measures of semantic similarity between embeddings (HSPS, SSSA, 
CTFS), and density-based evidence measures (SSED). This mixed approach is consistent with current 
research efforts to transcend traditional, monolithic matching scores in favor of structured, evidence-
based job matching models (Martínez-Manzanares et al., 2024) and with research that calls for 
integrating semantic textual relatedness with explicit knowledge representations to improve their 
interpretability (Zadykian et al., 2025). In particular, our approach, which integrates different types 
of evidence, avoids the limitations of embedding-based recruitment pipelines, as recently recognized 
in related research (Aleisa et al., 2023). From a methodological point of view, it should be noted that 
the framework explicitly differentiates between a semantic core layer (HSPS, SSSA, CTFS), which 
allows for high recall matching with robustness to natural languages, and other layers focused on 
constraint, evidence, and decision support (HSCR, SGI, SSED, CCS, LMFI, SCA), which reintroduce 
auditability, feasibility, and decision support. This is in line with recent trends in explainable 
matching, which combine semantic similarity models with structured knowledge to ensure 
interpretability, controllability, and explainability of matching outcomes (Zadykian et al., 2025), as 
well as empirically validated models of recruitment that combine expert criteria with automated 
scoring approaches (Martínez-Manzanares et al., 2024). In addition, recent trends in system-level 
implementations of AI-powered recruitment approaches highlight the importance of modularity, 
which allows for the implementation of constraints without requiring the full redesign of the 
matching pipeline (Aleisa et al., 2023). In this regard, the differentiation between layers supports the 
development of systems that can support the implementation of different organizational priorities 
without requiring modifications to the core matching process. The set of KPIs outlined in Table X can 
therefore be seen to support the development of job-candidate matching as a multi-criteria, 
explainable, and governance-aware decision support process, which represents a significant 
methodological step-change relative to more simplistic matching approaches, which may only 
support single-criterion matching outcomes, or approaches that are entirely opaque to the matching 
process (Martínez-Manzanares et al., 2024; Zadykian et al., 2025; Aleisa et al., 2023). See Table 3. 

Table 3. Overview of the Proposed Multi-KPI Framework for Job–Candidate Matching. 

Category KPI Description Utility for the Article 

Hard Skills 

Hard Skill 
Coverage Ratio 
(HSCR) 

Measures the proportion of 
required technical skills in a job 
offer that are explicitly covered by 
a candidate profile. Formally, 
HSCR = |Skills_job ∩ Skills_cv| / 
|Skills_job|. 

Provides an interpretable and 
auditable measure of technical 
completeness with respect to 
explicit job requirements; supports 
requirement-driven ranking and 
constraint-based filtering. 

Hard Skill 
Proficiency 
Similarity (HSPS) 

Measures semantic similarity 
between the technical content of 
job descriptions and CVs using 
embedding-based cosine 
similarity. 

Serves as the semantic core of the 
system, capturing technical domain 
proximity beyond keyword overlap 
and enabling scalable, language-
robust matching. 

Skill Gap Index 
(SGI) 

Measures the proportion of 
missing required skills, defined as 
SGI = 1 − HSCR. 

Reframes coverage into a gap-
oriented perspective, supporting 
reskilling, training planning, and 
developmental matching strategies. 
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Soft Skills 

Soft Skill 
Semantic 
Alignment 
(SSSA) 

Measures semantic alignment 
between soft-skill-related content 
in job descriptions and candidate 
profiles using embeddings. 

Introduces a behavioral and 
interpersonal dimension of fit, 
enabling differentiation among 
technically similar candidates based 
on soft skill compatibility. 

Soft Skill 
Evidence Density 
(SSED) 

Measures the density of sentences 
or segments in a profile that 
provide concrete evidence of soft 
skills relative to document length. 

Distinguishes between declared and 
demonstrated soft skills, improving 
robustness, explainability, and 
evidence-based ranking. 

Cultural & Team 
Fit Score (CTFS) 

Measures semantic and 
contextual compatibility between 
organizational culture/team 
context and candidate profile. 

Supports assessment of 
organizational and team-level 
integration, contributing to 
retention-oriented and governance-
aware decision making. 

Contractual 
/ 
Contextual 

Contract 
Compatibility 
Score (CCS) 

Measures the proportion of 
compatible contractual conditions 
between job offer and candidate 
constraints or preferences. 

Filters out technically suitable but 
contractually infeasible matches, 
increasing operational feasibility of 
recommendations. 

Location & 
Mobility Fit 
Index (LMFI) 

Measures geographical and 
mobility compatibility 
considering distance, remote 
work policies, relocation, and 
travel constraints. 

Addresses logistical frictions, 
especially in cross-country and 
international labor markets. 

Seniority & 
Compensation 
Alignment (SCA) 

Measures alignment between 
required seniority/compensation 
levels and the candidate’s 
experience and expectations. 

Reduces risks of overqualification, 
underqualification, and early 
turnover by promoting sustainable 
long-term matches. 

Note. This table summarizes the nine KPIs grouped by hard skills, soft skills, and 
contractual/contextual dimensions, outlining their definitions and roles within the framework to 
support interpretable, multi-criteria, and governance-aware recruitment decisions. 

Figure 5 shows a visual representation of the proposed methodological framework, with both 
the three pillars of alignment and the multi-layered structure of the multi-KPI method being clearly 
outlined. See Figure 5. 

 

Figure 5. The Three Pillars and Layered Architecture of the Multi-KPI Recruitment Matching Framework. Note. 
The figure summarizes hard-skill precision, evidence-based soft skills, and operational feasibility within a 
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layered architecture, showing how semantic cores, governance constraints, and domain validation jointly 
support transparent, multi-criteria, and accountable job–candidate matching decisions. 

The three pillars represent the three dimensions of compatibility that are explicitly addressed 
within the framework, namely hard skill precision, evidence-based soft skills, and operational 
feasibility, thereby reinforcing the view that “fit” is not just some latent construct, but an emergent 
property of the interplay between different, albeit complementary, dimensions of compatibility, in 
keeping with the latest advancements in recruitment research that advocate multi-dimensional 
models of assessment (Potočnik et al., 2024). With regard to the hard skill dimension, Figure X clearly 
illustrates the interplay between explicit requirement coverage and semantic similarity, thereby 
reinforcing the view that HSCR, SGI, and HSPS are part of an integrated framework of technical 
competence assessment, in keeping with the latest advancements in AI-based job matching 
methodologies, which combine both semantic similarity-based approaches with structured skill 
alignment methodologies (Ajjam & Al-Raweshidy, 2025). With regard to the behavioral dimension, 
the emphasis placed upon the interplay between declared and demonstrated soft skills, in keeping 
with the SSSA, SSED, and CTFS, is clearly illustrated, thereby reinforcing the view that evidence 
density and contextual alignment are critical dimensions of compatibility, with the latter being an 
emergent property of the interplay between different dimensions of compatibility, in keeping with 
the latest advancements in algorithmic decision-making, wherein both explainability and traceability 
of evidence are critical design dimensions of algorithmic decision-making processes (Mehrabi et al., 
2021; Raghavan et al., 2020). The pillar of operational feasibility explicitly communicates that 
matching is not only subject to competence constraints but also to real-world constraints, as expressed 
by CCS, LMFI, and SCA, which filter and qualify plausible matches on the basis of contractual, 
geographical, and seniority-related constraints. The inclusion of contextual and governance-aware 
constraints reflects the increasing awareness of the importance of incorporating accountability and 
decision justification systems in recruitment systems, going beyond predictive accuracy (Raghavan 
et al., 2020). The lower section of the figure completes the conceptual breakdown of the system by 
depicting the multi-layered architecture of the system. The semantic core layer refers to the 
embedding-based components HSPS, SSSA, CTFS, which are intended to offer high recall rates and 
language robustness in matching unstructured text in CVs and job descriptions. This layer reflects 
the “semantic first” principle of the framework, which explains why embedding-based similarity is 
used as the primary matching function in the system (Ajjam & Al-Raweshidy, 2025). Above it, the 
governance and constraint layer reinstates the importance of auditability, feasibility, and 
accountability by means of discrete, rule-like KPIs such as HSCR, SGI, SSED, CCS, LMFI, and SCA, 
which ensure that matching recommendations are not only semantically plausible but also 
operationally feasible. The distinction between the predictive core and the governance layer reflects 
recent calls for fairness-aware and explainable AI systems in high-stakes applications such as hiring 
(Mehrabi et al., 2021; Raghavan et al., 2020). The domain validation layer finally emphasizes that the 
entire system is grounded in real-world data and applications, facilitating validation without 
affecting the core decision-making process, which reflects recent views on evidence-based 
recruitment systems and selection systems (Potočnik et al., 2024). The cumulative evidence 
substantiates the methodological argument that the framework represents an advancement over 
monolithic matching approaches by assembling diverse evidence types into a modular and 
understandable decision architecture. The image illustrates the manner in which ongoing semantic 
similarity signals, coverage and constraint checks, and evidence-based indicators collectively 
function as constituent elements of a monolithic system rather than mutually exclusive approaches. 
The image thus illustrates the set of KPIs presented in Table X as the functional core of a multi-criteria 
decision support process that is both explainable and governance-conscious and illustrates the 
manner in which semantic robustness, scalability, and auditability are achieved simultaneously 
through architectural separation and controlled integration of the constituent layers (Ajjam & Al-
Raweshidy, 2025; Mehrabi et al., 2021; Raghavan et al., 2020). 
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Data Sources and Dataset Construction. The empirical analysis relies on two different data sources: 
one consisting of job offers retrieved from the EURS platform and the other consisting of candidate 
profiles retrieved from a prominent professional social networking platform that are publicly 
available on the web. The rationale for choosing these data sources is that it allows the analysis to be 
more ecologically valid since it relies on real-world data while at the same time adhering to the 
requirements of the current data recruitment pipeline that relies on authentic data sources such as 
job offers or candidate profiles (Frazzetto et al., 2025; Mashayekhi et al., 2022). Both the job offers and 
candidate profiles are retrieved using a keyword-based search query using the keyword “Data 
Science.” This approach allows the analysis to be more focused on a well-defined professional 
domain while at the same time allowing for the heterogeneity of job offers or candidate profiles that 
are available in the data science job market (Khaouja et al., 2021). The job offers are retrieved from 
the EURS platform, which offers structured as well as semi-structured job offers that include the skills 
required for the job, the responsibilities of the job, the contractual conditions of the job, and other 
relevant information pertaining to the job. This data is used to create the job representation layer of 
the proposed system. Pre-processing of the data is performed using various techniques such as text 
normalization, tokenization, and the removal of boilerplate content from the job offers (Khaouja et 
al., 2021; Mashayekhi et al., 2022). The candidatesʹ profiles were obtained from publicly accessible 
professional profiles. The emphasis here was on information that is relevant to professional matching. 
The information obtained from the profiles was then encoded using information extraction and 
embedding-based encoding. The use of these techniques falls under the recent pipelines that integrate 
information extraction and semantic analysis for recruitment optimization. Importantly, the dataset 
was created strictly for research purposes and under the guidelines of relevant ethical and legal 
standards. The encoded representation does not enable any form of re-identification of the 
individuals and is strictly for the evaluation of the proposed matching framework. From the 
methodological point of view, the dataset supports the multi-dimensional character of the proposed 
framework. The dataset does not treat job postings and candidatesʹ profiles as monolithic entities. 
Rather, both job postings and candidatesʹ profiles are represented as composed of several semantic 
and functional elements. This enables the computation of different KPIs related to semantic 
similarity, skill coverage and gaps, behavioral evidence, and contextual and contractual 
compatibility. The use of these elements aligns with challenge-based evaluations of e-recruitment 
recommendation systems. The use of these elements aligns with challenge-based evaluations of e-
recruitment recommendation systems (Mashayekhi et al., 2022). In conclusion, this dataset offers a 
realistic and diverse testbed to evaluate the proposed multi-KPI decision support architecture while 
ensuring alignment with reproducibility, transparency, and governance requirements in data-driven 
recruitment research (Frazzetto et al., 2025; Khaouja et al., 2021; Ifakir et al., 2025). 

4. Evaluating an Embedding-Based Semantic Pipeline for Job–CV Matching 

The study aims to design and test a semantic pipeline in matching job descriptions and CVs. The 
study seeks to bridge the gaps in traditional recruitment systems that often use exact keyword 
matching. The study is in line with the latest advancements in embedding-based and transformer-
based recruitment systems (Kurek et al., 2024; Li et al., 2025). The study focuses on evaluating the 
similarity between job descriptions and CVs at the level of meaning by using distributional 
representations of texts. The study follows the latest advancements in semantic textual relatedness in 
recruitment systems (Zadykian et al., 2025). The study uses an experimental dataset of approximately 
300 job descriptions from EURES and 300 CVs in different formats (PDF, DOCX, and TXT). The study 
follows the latest advancements in using end-to-end pipelines in extracting valuable insights from 
candidatesʹ profiles (Frazzetto et al., 2025). The study follows the latest advancements in using dense 
vector representations of texts by using a pretrained multilingual sentence embedding model. The 
study follows the latest advancements in computing semantic similarity between job descriptions 
and CVs using cosine similarity. The study follows the latest advancements in using established e-
recruitment recommendation paradigms that use latent semantic representations (Mashayekhi et al., 
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2022; Sukri et al., 2024). For each job posting, a ranked list of candidates is generated, with the top 10 
candidates retained in the output. This transforms a complex, unstructured search space into a 
compact, semantically coherent output, making it easier for human decision-makers to process, thus 
improving outputs (Kurek et al., 2024). Quantitatively, the results offer strong evidence of the 
approach’s efficacy and stability. As can be seen in Table X, the experiment covers 308 job offers, 
resulting in 3,080 job-candidate associations from the top-10 rankings, thus making it applicable to 
real-world scenarios, albeit for medium-sized scenarios, rather than small-scale scenarios 
(Mashayekhi et al., 2022). Furthermore, there are 149 unique candidates at least once in the top-10 
rankings, thus making it unlikely that it is in danger of settling into a trivial solution with a limited 
number of candidate profiles, but rather offering a relatively diverse set of recommendations. With 
regard to the distribution of the similarity scores, it can be seen that the global mean is at 0.446, with 
a standard deviation of 0.051, thus making it a relatively moderate, yet significant, level of semantic 
alignment between recommended candidates, with a certain level of variability to discriminate 
between candidates. Furthermore, it can be seen that the minimum and maximum scores are at 0.294 
and 0.715, respectively, thus making it a relatively comprehensive range of similarity, capturing both 
strong and weak semantic alignments, a phenomenon that is typical in transformer-based 
recruitment systems (Li et al., 2025). Furthermore, it can be seen that there is a certain level of 
quantitative validation in the proposed approach, with the average score between candidates in the 
rankings, from position one to position ten, diminishing from 0.491 to approximately 0.420, thus 
making it a coherent, well-ordered structure, rather than a flat distribution, a phenomenon that is 
typical in zero-shot, deep-learning-based job-candidate matching systems (Kurek et al., 2024). The 
above analysis of ranking separation also supports this finding. The average value of the gap between 
the first and tenth positions is 0.071, and the standard deviation of these gaps is 0.027. Thus, in most 
cases, the top-ranked profile will be considerably more relevant than the least relevant one among 
the top 10. The existence of both dense and less dense ranking distributions with dominant top-
ranked profiles is also supported by the range of the gaps between the top and tenth positions. Such 
scenarios are quite common and align with real-world recruitment scenarios discussed in challenge-
based evaluations of various recommendation systems (Mashayekhi et al., 2022). The statistics of the 
number of candidatesʹ recurrences also support the above findings. The median value of these 
statistics is 7, and the maximum value is 234. Thus, there are some semantically central candidates 
that match a considerable number of job postings. The quantitative evidence supports the above 
qualitative assumption that semantic similarity may serve as an effective high-recall retrieval 
mechanism but may not be used as a standalone decision criterion. The latter issue may also be 
resolved by using the proposed system as part of the decision support system that combines various 
indicators and constraints (Frazzetto et al., 2025; Ifakir et al., 2025; Zadykian et al., 2025). Thus, the 
above numerical analysis supports the assumption that the proposed embedded semantic matching 
may serve as a strong quantitative baseline for the job–candidate matching problem and may serve 
as a good starting point for the development of the multidimensional decision support system that 
incorporates various indicators and constraints. Such decision support systems may also be 
developed using deep learning and graph-based recruitment systems (Li et al., 2025). See Table 4. 

Table 4. Aggregated Statistics of the Semantic Job–CV Matching Experiment. 

Category Metric Value Description 

Dataset Size 

Number of job offers 308 
Total number of job postings in the 

experiment 
Total job–CV matches 

(top-10) 
3,08 10 candidates per job offer 

Unique candidates 
involved 

149 
Number of distinct CVs appearing in 

top-10 lists 
Semantic Score 

(Global)  
Mean semantic 

similarity 
0.446 

Average similarity over all job–CV 
pairs in top-10 
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Standard deviation 0.051 
Variability of semantic similarity 

scores 
Minimum similarity 0.294 Lowest observed semantic similarity 
Maximum similarity 0.715 Highest observed semantic similarity 

Ranking Structure  

Mean similarity at rank 
1 

0.491 Average score of the top-1 candidate 
per job 

Mean similarity at rank 
2 

0.470 Average score of the second-ranked 
candidate 

Mean similarity at rank 
3 

0.458 Average score of the third-ranked 
candidate 

Mean similarity at rank 
5 

0.445 Average score of the fifth-ranked 
candidate 

Mean similarity at rank 
10 

≈ 0.420 Average score of the tenth-ranked 
candidate 

Ranking 
Separation  

Mean gap (rank 1 – 
rank 10) 

0.071 Average difference between top-1 and 
top-10 scores per job 

Std. dev. of gap 0.027 
Variability of the top-1 vs top-10 

separation 

Minimum gap 0.023 
Smallest observed separation between 

top and bottom of top-10 

Maximum gap 0.230 
Largest observed separation between 

top and bottom of top-10 

Candidate 
Recurrence  

Mean appearances per 
CV 

20.7 
Average number of times a CV 

appears in top-10 lists 
Median appearances 

per CV 
7 Median recurrence of a CV in top-10 

lists 
25th percentile 2 25% of CVs appear at most 2 times 
75th percentile 22 25% of CVs appear more than 22 times 

Maximum appearances 234 
Most frequent CV in the top-10 

rankings 
Note. This table reports dataset size, global similarity statistics, ranking structure, separation between 
top-ranked candidates, and candidate recurrence patterns, summarizing the quantitative behavior of 
the embedding-based semantic job–CV matching pipeline. 

5. Interpretable, Requirement-First Ranking in Recruitment: The Role of HSCR 

The research suggests an approach to job-candidate matching based on KPIs. The HSCR plays a 
key role in this approach as a requirement-based KPI. The HSCR aims to offer a direct measure of 
how well the information given in a CV matches the explicit technical needs set forth in a job offer. 
This approach directly addresses the call for more transparent and manageable recruitment 
technologies (Nikolaou, 2021; Potočnik et al., 2024). The HSCR differs from semantic-based 
approaches that calculate an estimate of textual proximity. The HSCR measures “technical fitness” as 
a simple numerical value. This differs from embedding-based recruitment pipelines that heavily rely 
on distributional similarity (Ajjam & Al-Raweshidy, 2025). The HSCR can be defined as follows: Let 
\(S_R\) be a set of skills required by a job offer and \(S_C\) be a set of skills contained in a CV. The 
HSCR can be defined as \(HSCR = |S_R \cap S_C| / |S_R|\), where \(|S_R|\) denotes the number 
of skills required by a job offer. The HSCR has a range of [0, 1], where 0 means no coverage at all and 
1 means full coverage. The HSCR is a ratio; therefore, it remains comparable across various job offers 
despite differences in the number of skills required by a job offer. In the context of the broader multi-
KPI framework described in the article, which incorporates semantic signals, coverage indicators, 
and contextual dimensions, HSCR provides a key methodological component by introducing a 
system of explicit requirement control, which can counterbalance a system that could be dominated 
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by distributional similarity measures (Ajjam & Al-Raweshidy, 2025). While embedding-based 
approaches provide a robust system for achieving high recall, HSCR provides a system for ranking 
that is tied to verifiable technical constraints, which can be seen as a key component of transparency, 
governance, and explainability, all of which have become key components of hiring research in the 
context of AI hiring (Raghavan et al., 2020; Mehrabi et al., 2021). In terms of data, the article uses a 
dataset of real-world collections of job offers and CVs that exist in heterogeneous formats, such as 
PDF, DOCX, and TXT, which can be seen as a realistic system that aligns with the application of 
modern AI hiring systems (Van Esch et al., 2019). A key component of the system is a controlled 
vocabulary of hard skills, which includes programming languages, frameworks, platforms, and 
methodological terms, which serves as a lightweight ontology for the system, aligning with a 
structured approach to translating work histories into a measurable space, which has become a key 
component of translating applicant work histories into a measurable space, as described in Sajjadiani 
et al. (2019). By using a combination of direct substring matching and lightweight fuzzy matching, 
the system is able to identify a range of skills for each document, which can be seen as a key 
component of translating unstructured text into a measurable space, which can be contrasted with 
the use of dense vectors, which can be seen as a key component of embedding-based approaches 
(Ajjam & Al-Raweshidy, 2025). Once the skill sets are extracted, HSCR is computed for each job-
candidate pair. Candidates are ranked based on their ability to cover the required skills for a given 
job, and a top-10 list is created for each job offer, thus fulfilling the requirement-first selection criteria. 
The output is recorded in a structured table with job IDs, candidate IDs, ranking, and HSCR score. A 
score close to 1 signifies that all required skills for a particular job have been met, while lower scores 
indicate that some skills have been met, along with specific technical gaps. Since the HSCR score for 
each job-candidate pair can be broken down into the skills met and those that have not been met, this 
measure is not only quantitative but also explainable, thus fulfilling the need for human-in-the-loop 
decision-making while also aligning with the need for interdisciplinary research that calls for 
explainable and accountable screening mechanisms (Raghavan et al., 2020; Liem et al., 2018). Table X 
presents the aggregate statistics for the HSCR-based matching experiment. The data consists of 308 
job offers, each with a top-10 list, thus creating 3,080 job-CV matches. Out of the rankings, 133 unique 
candidates exist, thus demonstrating that the system does not reduce to a trivial solution with a small 
number of profiles dominating the recommendation space. In fact, globally, HSCR values have a 
mean of 0.81 with a standard deviation of 0.36, covering the entire range from 0 to 1, thus 
demonstrating that this measure successfully captures the different levels of technical coverage, from 
those who do not meet even the explicit requirements to those who meet all the required skills. This 
relatively high mean value is consistent with the ranking strategy, which gives priority to higher 
coverage ratios within the top-10 lists. The ranking structure also provides additional evidence of the 
consistency of the HSCR-based ordering, with the mean HSCR value of rank 1 being close to 0.84, 
gradually decreasing to 0.79 at rank 10. This continuous decline in HSCR value with rank position 
confirms that the ranking system generates a meaningful ordering of the candidates, as opposed to 
generating flat scores. The small differences between consecutive rank positions suggest that, 
technically, most of the candidates are equivalent with regard to skill coverage, which is consistent 
with the labor market reality, where several profiles are expected to satisfy most of the essential 
demands of a given job position (Potočnik et al., 2024). Finally, additional interesting results are 
provided by the analysis of ranking separation, with the average gap between the first and tenth 
candidate being close to 0.042, accompanied by a standard deviation of 0.09. The minimum value of 
the gap is 0, indicating that, for some job offers, the ranking system identifies the top-10 lists where 
the coverage ratio of the top-ranked candidate is equal to that of the last-ranked candidate, suggesting 
the existence of technically equivalent profiles. The maximum value of the gap, equal to 0.4, refers to 
job offers where the coverage ratio of the top-ranked candidate is significantly higher than that of the 
other shortlisted candidates, thereby confirming the systemʹs ability to identify clear winners, as well 
as situations where several technically equivalent profiles need to be evaluated using additional 
decision-making criteria, thereby supporting structured decision-making processes in an 
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organizational context (Nikolaou, 2021; Raghavan et al., 2020). Lastly, the statistics on candidate 
recurrence are heavily skewed with a long tail. The average candidate occurs on the top-10 lists 
approximately 23 times, with a median of 8. Additionally, 25% of all candidates occur no more than 
3 times. However, a small set of them occur extremely frequently with a maximum of 188. This 
suggests a set of a few generally compatible, technically “central” candidates and a set of more 
specialized candidates. The quantitative evidence supports HSCR-based matching as yielding 
structured, interpretable, and technically meaningful rankings. Thus, it supports HSCR-based 
matching as a solid, requirement-oriented component of a transparent multi-KPI recruitment 
decision support process (Ajjam & Al-Raweshidy, 2025; Mehrabi et al., 2021). See Table 5. 

Table 5. Aggregate Statistics of the HSCR-Based Requirement-First Matching Experiment. 

Category Metric Value 

Dataset Size  

Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 133 

HSCR (Global)  

mean 0.814413652 
std 0.35555628 
min 0 
max 1 

Ranking Structure  

Mean HSCR at rank 1 0.835456607 
Mean HSCR at rank 2 0.82598691 
Mean HSCR at rank 3 0.822786539 
Mean HSCR at rank 4 0.821343537 
Mean HSCR at rank 5 0.817322459 
Mean HSCR at rank 6 0.811848073 
Mean HSCR at rank 7 0.80899428 
Mean HSCR at rank 8 0.805438312 
Mean HSCR at rank 9 0.801109307 

Mean HSCR at rank 10 0.793850495 

Ranking Separation  

Mean gap (rank 1 – rank 10) 0.041606112 
Std. dev. of gap 0.090059743 
Minimum gap 0 
Maximum gap 0.4 

Candidate Recurrence  

Mean appearances per CV 23.15789474 
Median appearances per CV 8 

25th percentile 3 
75th percentile 25 

Maximum appearances 188 
Note. This table summarizes dataset scale, global HSCR distribution, ranking behavior, separation, 
and candidate recurrence, illustrating how explicit skill extraction enables interpretable, requirement-
driven ranking and supports transparent, auditable, human-in-the-loop recruitment decisions. 

Hence, Figures 6 A and B present a different look at the behavior of the HSCR-based ranking 
system, describing the characteristics of the developed ranking list as well as the overall distribution 
of skill-coverage scores for all possible job-candidate pairs within the top-10 list. See Figure 6. 
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Figure 6. HSCR Ranking Decay and Score Distribution Across Top-10 Job–Candidate Matches.Panel A shows 
monotonic HSCR decay across ranks, confirming coherent requirement-based ordering; Panel B shows a skewed 
score distribution with peaks at extremes, illustrating coverage behavior and motivating complementary criteria 
within multi-KPI recruitment decision support. 

Figures A and B confirm the numerical data presented in Table 5, helping to better understand 
the HSCR measure from a practical perspective, matching modern criteria for evaluating e-
recruitment recommendation system rankings (Mashayekhi et al., 2024). Figure A shows the average 
behavior of HSCR as a function of ranking position. It can be seen that the curve has a monotonically 
decaying nature from rank 1 to rank 10, with the maximum average HSCR at rank 1 gradually 
decreasing for lower ranks. This behavior also supports the correctness of the implementation of the 
ranking model, with a larger fraction of skills being covered by candidates with higher ranks. This 
behavior is also expected for a structured ranking model of job candidates (Kurek et al., 2024). The 
smooth nature of the curve also indicates that the average HSCR values for different ranks vary only 
slightly, suggesting a large number of technically equivalent top-10 candidates. This is a plausible 
phenomenon, especially for a professional recruitment context, where a large number of candidates 
may meet basic requirements (Potočnik et al., 2024). This behavior is also desirable from a decision-
support perspective, as it indicates that there is a single best candidate, with a small number of near-
best alternatives. Figure B displays a histogram showing the distribution of HSCR score values for 
all pairs of jobs and candidates included in the top-10 lists. It is noticeable that the distribution is 
highly skewed, with two peaks at score values 1.0 and 0.0, respectively. The first indicates that top 
candidates within the top-10 lists have full or near-full coverage of the required skills, which further 
validates the effectiveness of the proposed HSCR-based ranking system. On the contrary, candidates 
with score values near 0.0 indicate that some bottom candidates within the top-10 lists fail to cover at 
least one explicitly defined required skill, which often happens with jobs that have very sparse skill 
sets defined in their descriptions. This is a known limitation with coverage- or extraction-based 
systems, which often depend on entity recognition and preprocessing steps, which, in turn, depend 
on the quality of entity recognition itself, as indicated by Ifakir et al. (2025). Figures A and B, therefore, 
indicate that the proposed coverage-based system, while being effective, also presents some 
limitations that make further selection criteria important, especially for cases with candidates having 
similar levels of coverage or with jobs having poorly defined descriptions, as indicated by 
Mashayekhi et al. (2024). 

6. HSPS as a High-Recall Semantic Signal for Job–Candidate Matching 

The present study proposes Hard Skill Proficiency Similarity (HSPS) as a supplementary 
measure to Hard Skill Coverage Ratio (HSCR). The proposed HSPS aims at capturing a specific aspect 
of technical fit that cannot be measured by the presence or absence of a list of skills, which is what 
HSCR does. While HSCR offers a specific, requirement-based measure of how well a set of required 
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skills is represented within a CV, HSPS offers a continuous, quantitative perspective on technical fit, 
which is consistent with recent embedding-based models of job-candidate matching (Kurek et al., 
2024; Li et al., 2025). More specifically, HSPS is proposed as a function of cosine similarity between 
dense representations of technical information contained within a set of job offers and a CV, which is 
derived by a multilingual pretrained transformer model, thereby allowing for semantically 
meaningful comparison across languages and writing styles, as recent semantic textual similarity 
models for recruitment propose (Zadykian et al., 2025; Sukri et al., 2024). From a computational 
perspective, we normalize the dense representations by L2 norm, which means that cosine similarity 
is computationally equivalent to a dot product, allowing for efficient computation of the entire job-
CV similarity matrix by means of a matrix multiplication, which is essential for scalability to datasets 
containing hundreds of job postings and CVs, as recent e-recruitment models propose (Mashayekhi 
et al., 2024). In the experiment that is reported, the system processes 308 job offers and produces 3,080 
job-candidate associations by choosing the top 10 candidates for each job. This is the scale at which 
the HSPS can be applied realistically, as shown in the experiment, aligning with the application of 
the deep learning recruitment pipeline (Li et al., 2025; Frazzetto et al., 2025). The quantitative 
distribution of the HSPS scores offers valuable insights into the performance of the HSPS metric. The 
scores range globally from a minimum of 0.164 to a maximum of 0.734, with an average of 0.528 and 
a standard deviation of 0.075. This reflects a moderate-to-high level of semantic similarity between 
the shortlisted candidates. The range of the scores reflects the ability of the HSPS to distinguish 
between poor and good technical alignments of the candidates, a characteristic that is common in 
semantic ranking using embeddings (Kurek et al., 2024). Lower scores indicate that the candidate’s 
technical narrative is only loosely related to the technical aspect of the job posting, while higher scores 
indicate substantial overlap between the domains, tools, and conceptual stacks used. The lack of 
scores closer to 1.0 is also expected because the job description and the candidate’s CV are unlikely 
to match entirely (Sukri et al., 2024). The ranking of the HSPS scores also supports the internal 
consistency of the HSPS-based candidate matching process. The mean HSPS at the first rank is 0.578, 
while the scores decrease monotonically to 0.497 at the 10th rank. This indicates that the HSPS 
consistently ranks the semantically more aligned candidates at the top of the ranked candidate pool 
for each job posting, a characteristic that is common in the transformer-based recruitment pipeline 
(Li et al., 2025). Although the slope of the HSPS scores is declining as the ranks decrease from 1 to 10, 
the slope is not steeply declining. This indicates that semantically similar candidates are more 
common at the top of the ranked pool of candidates for the job posting, aligning with the evaluation 
of the recruitment recommendation system (Mashayekhi et al., 2024). Additional evidence is 
provided from the analysis of ranking separation, in which it is found that on average, there is a gap 
of approximately 0.081 between the first-ranked candidate and the tenth-ranked candidate, with a 
standard deviation of 0.039. Furthermore, it is found that there is a minimum gap of approximately 
0.020, in which all the top-10 candidates are semantically similar, forming tight clusters of candidate 
profiles. On the other hand, it is found that there is a maximum gap of approximately 0.293, in which 
the top-ranked candidate is significantly more aligned with the job requirements compared to all the 
remaining candidates in the top-10 list, thus indicating that HSPS can both identify strong leaders 
and reveal scenarios in which all candidates in the top-10 list are almost equivalent, thus warranting 
further evaluation with additional criteria, including components related to extraction or 
explainability (Ifakir et al., 2025; Zadykian et al., 2025). The recurrence statistics of the candidates 
provide further insight into how the semantic model distributes the matches among the candidates. 
The average recurrence count among the 208 distinct candidates appearing in the top-10 lists is 14.8, 
with a median recurrence count of 5. The recurrence count at the 25th percentile is only 2. This again 
suggests a highly skewed distribution where a small set of broadly relevant candidates are seen to 
recur frequently. The maximum recurrence count of 122 further supports the presence of a small set 
of “hub” profiles semantically close to a large range of technical roles. This long-tail distribution is 
expected in embedding-based retrieval systems. The above statistics support our view of HSPS as a 
high-recall meaning-based filtering system rather than a constraint-based one (Kurek et al., 2024; 
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Frazzetto et al., 2025). The quantitative statistics support our view of HSPS as an effective ranking 
criterion. The numerical properties of the HSPS metric are well-structured score distributions with 
coherent rankings showing smooth decay across ranks. The HSPS also provides meaningful 
differentiation among candidates in both clustered and polarized scenarios. The numerical properties 
of HSPS further support our view of HSPS as an effective measure of technical domain proximity 
with sufficient variability among jobs and candidates. The HSPS acts as a robust semantic component 
of a multi-KPI-based data-driven recruitment decision support system (Mashayekhi et al., 2024; Li et 
al., 2025). See Table 6. 

Table 6. Aggregate Statistics of the HSPS-Based Semantic Job–Candidate Matching Experiment. 

Category Metric Value 

Dataset Size  

Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 208 

HSPS (Global)  

Mean 0.528452 
Standard deviation 0.075312 

Minimum 0.164417 
Maximum 0.734151 

Ranking Structure  

Mean HSPS at rank 1 0.577612 
Mean HSPS at rank 2 0.559451 
Mean HSPS at rank 3 0.546433 
Mean HSPS at rank 4 0.535588 
Mean HSPS at rank 5 0.526878 
Mean HSPS at rank 6 0.520601 
Mean HSPS at rank 7 0.512881 
Mean HSPS at rank 8 0.506745 
Mean HSPS at rank 9 0.501556 
Mean HSPS at rank 10 0.496773 

Ranking Separation  

Mean gap (rank 1 – rank 10) 0.080838 
Std. dev. of gap 0.038557 
Minimum gap 0.019954 
Maximum gap 0.292521 

Candidate Recurrence  

Mean appearances per CV 14.80769 
Median appearances per CV 5 

25th percentile 2 
75th percentile 15 

Maximum appearances 122 
Note. This table reports dataset scale, global HSPS distribution, ranking behavior, separation, and 
candidate recurrence, illustrating scalable embedding-based similarity computation and confirming 
HSPS as a high-recall semantic signal for ranking technical domain proximity. 

Figure 7 propose an alternative point of view on the behavior of the Hard Skill Proficiency 
Similarity (HSPS) key performance indicator used in the candidate ranking process. 
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Figure 7. HSPS Ranking Decay and Score Distribution Across Top-10 Job–Candidate Matches. Note. Panel A 
shows monotonic HSPS decay across ranks, indicating coherent semantic ordering; Panel B shows a near-normal 
score distribution, confirming HSPS as a continuous, high-recall measure of technical similarity supporting 
stable, interpretable ranking in recruitment decision support systems. 

Figure A shows the plot of the mean HSPS value as a function of the candidate’s position in the 
ranking process. The HSPS value monotonically decreases from the highest position down to the 
tenth position. This means that the candidates placed at the top of the ranking tend to have a higher 
semantic similarity to the content of the technical offer, while the candidates placed at the bottom of 
the ranking tend to have a reduced semantic similarity. This behavior is consistent with the internal 
consistency of the ranking process. Moreover, the behavior of the HSPS value is consistent with the 
evaluation behavior of the state-of-the-art e-recruitment recommendation systems (Mashayekhi et 
al., 2024). The behavior of the HSPS value is not random; instead, the algorithm defines the ranking 
along a continuous range of technical proximity. This behavior has also been observed in zero-shot 
or embedding-based job matching algorithms (Kurek et al., 2024). The smooth slope of the curve also 
implies that the top candidates tend to be technically comparable. This behavior has also been 
observed in the recruitment algorithms based on the transformer architecture, where semantic 
similarity plays the role of a graded measure of the ranking (Li et al., 2025). The behavior of the HSPS 
value from the point of view of the decision-making process is also satisfactory because the algorithm 
does not propose a single winner; instead, it proposes a set of top candidates that are technically 
proximal, thus allowing the decision-making process to play its role in the final evaluation of the 
candidates. This behavior is also consistent with the paradigm of the explainable semantic matching 
(Zadykian et al., 2025). Figure B illustrates the range of HSPS score value distribution among all job-
candidate pairs contained within the top-10 lists. The histogram illustrates a normal distribution 
curve with most score values concentrated in the mid-to-high similarity range and tapering off as the 
score value increases. This supports the assertion that HSPS measures a range of technical similarity 
and does not fall into the binary ‘good’ and ‘bad’ categories as might be expected from legacy 
recruitment systems. The clustering of score values around a specific region of the y-axis supports 
the assumption that most profiles will likely have similar domain knowledge and tooling and/or 
project descriptions, even if not exactly the same. This is similar to large-scale semantic ranking 
systems (Kurek et al., 2024). The left-hand side of the histogram illustrates that although contained 
within the top-10 lists, some candidates have lower levels of similarity with the job’s technical focus. 
This phenomenon is more common in job descriptions that are less descriptive. Figures A and B 
collectively illustrate that HSPS supplies a soft but useful semantic signal that supplies a stable 
ordering of candidates and clusters similar candidates while also offering a natural and continuous 
score value distribution. The latter phenomenon is particularly important when considering decision 
support systems and the requirement to support human decision-making with a logical and 
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understandable listing of candidates based on their semantic technical similarity (Zadykian et al., 
2025; Mashayekhi et al., 2024). 

7. From Skill Coverage to Skill Gaps: Introducing SGI as a Complement to 
HSCR 

The study also introduces a new concept, Skill Gap Index (SGI), which is a natural and necessary 
extension of HSCR. The shift in focus changes from ʺhow well an applicant already meets the defined 
requirementsʺ to ʺhow much still needs to be addressed with respect to the clearly defined criteria 
outlined in a job offer.ʺ The quantification of what is still missing is a direct result of HSCR, and SGI 
is defined as one minus HSCR. Therefore, SGI also inherits the positive numerical properties of 
HSCR, including that its range will be between 0 and 1, that comparisons across different job offers 
with different numbers of requirements will be possible, and that it will still be easy to interpret. An 
SGI of 0 means that an applicant is fully meeting the requirements outlined, while an SGI close to 1 
means that there is a growing gap between the applicantʹs skills and the required skills. This 
reformulation of HSCR into SGI also has important implications because, with this approach, the 
skills mismatch is quantified and can be related to training initiatives that aim at reducing this 
mismatch. This approach is also related to other numerical approaches to quantify skills shortages 
and mismatch in the labor market (Bachmann et al., 2020; Chinn et al., 2020). Instead of applying a 
binary suitable/unsuitable test criterion on an applicantʹs profile, recruiters might now apply SGI to 
quantify how dissimilar an applicantʹs profile is with respect to a desired profile. The quantification 
approach is based on a dataset containing 308 job offers, with a corresponding top-10 shortlist, 
resulting in a total number of 3,080 job–CV pairs and 157 distinct candidates. This setting represents 
a realistic medium-scale recruitment scenario and is comparable with datasets that have been used 
for evaluations of state-of-the-art e-recruitment recommendation systems (Mashayekhi et al., 2024; Li 
et al., 2025). From a global statistical point of view, the results indicate that the measure has an 
average of 0.675 and a standard deviation of 0.408. The extremal values indicate that the measure 
does not collapse to a small range of scores. The identification of skills used in the evaluation of HSCR 
follows contemporary methods of skill identification from job offers and CVs (Khaouja et al., 2021; 
Ifakir et al., 2025; Frazzetto et al., 2025). Similarly, SGI, which represents the complement of HSCR, 
follows the same distribution but with an average of 0.325 and the same standard deviation of 0.408. 
The results cover the entire range from 0 to 1. From an operational point of view, these results indicate 
that on average, candidates from the top-10 shortlisted matches do not meet one-third of the explicitly 
required skills. The extremal values indicate that the measure does not collapse to a small range of 
scores. The range of the results indicates that some matches have SGI close to 0 while others have SGI 
close to 1. The range of SGI indicates that not only does SGI indicate the suitability of candidates but 
also estimates the required effort to align the candidate with the job by means of training or re-
skilling. The results resonate with the importance of skill-gap measurement at the organizational and 
policy levels (Bachmann et al., 2020; Chinn et al., 2020). The ranking structure further supports the 
validity of the HSCR ordering, with the mean HSCR for rank 1 being approximately 0.724, which 
gradually decreases to approximately 0.675 for rank 5. This gradual decrease supports the premise 
that the system places candidates with higher HSCR at the top of the list, which is in line with the 
evaluation framework of the recruitment recommendation system (Mashayekhi et al., 2024). The 
relatively small slope also supports the premise that there are many technically equivalent candidates 
at the top of the list, which is in line with real-world labor markets where many candidates meet the 
majority of the core requirements of the job (Li et al., 2025). Further insight can be gained by 
examining the ranking separation, with the average distance between the first-ranked candidate and 
the tenth-ranked candidate being approximately 0.094, with a standard deviation of approximately 
0.144. The minimum distance of 0 signifies cases where the top 10 candidates are technically 
equivalent, with no difference in terms of skill sets, while the maximum distance of approximately 
0.667 signifies cases where one of the candidates is significantly better than the rest of the candidates 
in terms of required skills. The numerical evidence supports the premise that HSCR, in combination 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0023.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0023.v1
http://creativecommons.org/licenses/by/4.0/


 24 of 55 

 

with SGI, provides a clear and quantitatively actionable representation of technical fit, with the 
numerical evidence supporting the premise that SGI has the potential to support both strict selection 
strategies as well as training-oriented strategies, which complements the coverage-based and 
semantic representation in providing support for the recruitment process, as outlined by Mashayekhi 
et al. (2024) and Khaouja et al. (2021). See Table 7. 

Table 7. Aggregate Statistics of the SGI-Based Skill Gap Analysis in Job–Candidate Matching. 

Category Metric Value 

Dataset Size 

Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 157 
Mean 0.675351 
Standard deviation 0.408481 
Minimum 0.000000 
Maximum 1.000.000 

SGI (Global)  

Mean 0.324649 
Standard deviation 0.408481 
Minimum 0.000000 
Maximum 1.000.000 

Ranking Structure  

Mean HSCR at rank 1 0.724298 
Mean HSCR at rank 2 0.707747 
Mean HSCR at rank 3 0.693948 
Mean HSCR at rank 4 0.680104 
Mean HSCR at rank 5 0.674884 

Ranking Separation 

Mean gap (rank 1 – rank 10) 0.094203 
Std. dev. of gap 0.143568 
Minimum gap 0.000000 
Maximum gap 0.666667 

Note. This table reports dataset scale, global SGI distribution, ranking structure, and separation, 
showing how SGI complements HSCR by quantifying residual skill gaps, supporting both selection 
decisions and training-oriented strategies in recruitment pipelines. 

Figure 8 provides complementary insights into the behavior of the Skill Gap Index (SGI) within 
the ranking produced by the HSCR-based matching pipeline. 

 

Figure 8. GI Ranking Trend and Skill-Gap Score Distribution Across Top-10 Job–Candidate Matches. Panel A 
shows monotonic SGI increase across ranks, indicating growing skill gaps; Panel B displays a polarized 
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distribution with peaks near zero and one, evidencing heterogeneous mismatch patterns and supporting SGI as 
a graded, decision-support signal. 

Figure A reports the average SGI value as a function of the ranking position, while Figure B 
shows the distribution of SGI scores across all job–candidate pairs included in the top-10 shortlists. 
Together, these visualizations illustrate both the internal coherence of the ranking mechanism and 
the overall structure of skill gaps observed in the recommended matches, in line with evaluation 
practices discussed in contemporary e-recruitment recommendation systems (Mashayekhi et al., 
2024). The curve in Figure A exhibits a clear and monotonic increase of mean SGI values from rank 1 
to rank 10. This pattern is the expected mirror image of the HSCR decay: candidates placed at the top 
of the ranking are characterized by smaller skill gaps, whereas lower-ranked candidates 
progressively exhibit larger gaps with respect to the explicit technical requirements of the job offers. 
The smoothness of the curve suggests that the ranking is not driven by abrupt threshold effects, but 
rather reflects a gradual degradation of technical completeness as one moves down the shortlist. 
Similar gradient-based ranking behaviors have been observed in deep learning–based resume-job 
matching systems (Li et al., 2025). This behavior is particularly desirable in decision-support contexts, 
as it indicates that the system orders candidates along a meaningful continuum of residual training 
needs rather than producing unstable or noisy rankings. Figure B complements this view by showing 
the empirical distribution of SGI scores. The histogram reveals a strongly polarized structure, with a 
large concentration of values near zero and another prominent mass close to one, together with a 
smaller but non-negligible density of intermediate values. The peak near zero corresponds to 
candidates who fully, or almost fully, satisfy the explicitly detected skill requirements, and therefore 
exhibit negligible or very small gaps. Conversely, the peak near one represents cases in which 
candidates lack most of the required skills, despite being included in the top-10 lists due to the relative 
scarcity or ambiguity of requirements in some job descriptions. The identification and quantification 
of such gaps depend on structured skill extraction from job ads and CVs, as highlighted in recent 
surveys on skill identification (Khaouja et al., 2021) and NER-based recruitment optimization 
pipelines (Ifakir et al., 2025). The intermediate region reflects partial matches, where candidates cover 
a substantial subset of the required competencies but still require non-trivial upskilling. Taken 
together, these figures highlight the dual role of SGI in the proposed framework. On the one hand, 
its monotonic increase across ranks confirms that it provides a consistent ordering signal aligned with 
the notion of technical distance from the target role, consistent with structured evaluation approaches 
in e-recruitment systems (Mashayekhi et al., 2024). On the other hand, its bimodal and dispersed 
distribution underscores the heterogeneity of real-world matching scenarios, where both fully 
aligned and strongly misaligned profiles can coexist, reinforcing the need for combining SGI with 
semantic and contextual KPIs in a multi-criteria decision process (Li et al., 2025). 

8. SSSA as a Continuous Measure of Behavioral Compatibility in Job Matching 

The study proposes the Soft Skill Semantic Alignment KPI, which extends the matching 
framework to cover more than just technical competencies, specifically incorporating the behavioral 
and interpersonal aspects, which are crucial in real-world recruitment scenarios. While technical 
skills are essential to determine one’s technical qualification for the position, soft skills affect how 
well the person will fit into the team, communicate, lead, etc., as has been extensively proven by 
organizational psychology literature (Dalal et al., 2020). Since soft skills are difficult to communicate 
in any standard way, SSSA proposes a semantic, metric-based way of modeling the soft skills 
dimension, which is in line with the new digital talent signals being used in personnel evaluation 
(Chamorro-Premuzic et al., 2016), as well as the increased reliance on technology in the hiring process 
(Nikolaou, 2021). In practical terms, SSSA is given by the cosine similarity between the dense vector 
representation of soft skill-related content in the job description and the candidate profile. The vector 
representation of the content is generated using a sentence embedding model, with the resulting score 
being a continuous number measuring the degree of behavioral and interpersonal matching. This 
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kind of vector representation is in line with recent advances in transformer-based recruitment 
systems (Li et al., 2025), as well as other models of semantic textual relatedness, which are being 
developed to support explainable matching (Zadykian et al., 2025). In its nature, SSSA is 
normalizable, comparable, and suitable for ranking-based retrieval, which is in line with the 
evaluation metrics of e-recruitment recommendation systems (Mashayekhi et al., 2024). This way, the 
soft skill dimension can be treated as measurable and gradable, rather than being based on subjective, 
qualitative evaluation. From the point of view of the dataset, the experiment covers 308 job offers, 
each with its own top 10, resulting in 3,080 job/CV matches. The total number of unique individuals 
within the ranking is 203, suggesting that the metric does not focus its recommendations on an 
extremely narrow subset of profiles but, rather, covers them over a fairly broad range. Numerical 
diversity is particularly relevant in soft skill analysis, as behavioral characteristics are often more 
varied than technical skills, especially in different environments, as argued in Dalal et al. (2020). The 
global distribution of the SSSA metric scores provides the first quantitative characterization of the 
metric. The scores are distributed with an average of 0.56, standard deviation of 0.065, suggesting 
that the metric captures a fairly high degree of semantic alignment between the soft skill narratives 
of job descriptions and candidate profiles. The minimum scores are close to 0.35, and the maximum 
scores are close to 0.75, suggesting that the metric covers a fairly good range of scores, both low and 
high, in terms of behavioral alignment between the two types of documents. The absence of scores 
close to the extremes of 0 or 1 makes sense, as soft skills are rarely described in perfectly overlapping 
or perfectly non-overlapping ways in actual documents. Instead, the distribution of scores reflects a 
continuous concept of alignment, which is precisely what the metric is intended to capture, echoing 
the behavior of other semantic recruitment pipelines using deep learning approaches, as in Li et al. 
(2025) and Mashayekhi et al. (2024). The ranking structure further supports the internal consistency 
of the SSSA-based ranking. The average SSSA score of the first-ranked candidates is approximately 
0.61, which gradually decreases to about 0.56 for the fifth-ranked candidates. This shows that the 
score consistently ranks more behaviorally aligned candidates higher, which is consistent with the 
overall ranking dynamics of embedding-based recruitment systems, as suggested by Mashayekhi et 
al. (2024). At the same time, the gradual nature of the score drop also suggests that many of the 
candidates in the higher ranks of the ranking are relatively equally aligned in their behavioral 
responses, which is similar to real-world recruitment scenarios where several candidates may have 
similar behavioral narratives on teamwork, communication, or leadership, even though they may 
differ in the exact wording of their answers, as suggested by Nikolaou (2021). Further insights can be 
gained by examining the ranking separation analysis. The average gap between the first-ranked and 
the tenth-ranked candidates is approximately 0.078, with a standard deviation of approximately 
0.027. This shows that, on average, the first-ranked candidate is more aligned with regard to soft skills 
compared to the lower-ranked candidates, although not by an extremely large margin. The minimum 
gap of about 0.02 shows that, in some cases, the top 10 candidates may be almost equally aligned 
with regard to soft skills, while the maximum gap of about 0.15 shows that, in other cases, there may 
be a clear winner with regard to behavioral matching. In terms of quantifying the overall ranking, it 
can be said that SSSA can identify clear leaders as well as clusters of equally good candidates, which 
can be useful for more explainable matching approaches, as suggested by Zadykian et al. (2025). 
Lastly, the statistics on candidate recurrence provide insight into how SSSA’s metric spreads out 
across the CV set. The median here is at 5 occurrences, with an interquartile range spanning from 2 
to 15. While we see a degree of skewing here, we also note that certain candidates recur frequently. 
The highest recurrence rate we observed was at 122. This indicates the existence of “behaviorally 
versatile” individuals whose soft-skill stories are more universally applicable to various work 
scenarios. The long tail of this curve further supports SSSA’s interpretation as a high-recall ranking 
system rather than a filtering one (Li et al., 2025; Mashayekhi et al., 2024). Thus, we find from our 
numerical data that SSSA offers a stable measure of behavioral and interpersonal compatibility. The 
distributions of SSSA’s score, ranking properties, and separation statistics all support SSSA’s 
interpretation as a continuous measure of soft-skill compatibility. As such, SSSA remains an essential 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0023.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0023.v1
http://creativecommons.org/licenses/by/4.0/


 27 of 55 

 

quantitative component of a multi-KPI-based human-centric recruitment decision support system 
(Nikolaou, 2021; Mashayekhi et al., 2024). See Table 8. 

Table 8. Aggregate Statistics of the SSSA-Based Soft Skill Semantic Alignment Experiment. 

Category Metric Value 

 
Dataset Size 

Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 203 

 
SSSA (Global) 

Mean 0.563406 
Standard deviation 0.064695 
Minimum 0.350591 
Maximum 0.747142 

Ranking Structure 

Mean SSSA at rank 1 0.613531 
Mean SSSA at rank 2 0.591410 
Mean SSSA at rank 3 0.578668 
Mean SSSA at rank 4 0.568449 
Mean SSSA at rank 5 0.561198 

Ranking Separation 

Mean gap (rank 1 – rank 10) 0.078486 
Std. dev. of gap 0.027387 
Minimum gap 0.020400 
Maximum gap 0.151449 

Candidate Recurrence 

Mean appearances per CV 1.480.769 
Median appearances per CV 5 
25th percentile 2 
75th percentile 15 
Maximum appearances 122 

Note. This table reports dataset scale, global SSSA distribution, ranking behavior, separation, and 
candidate recurrence, demonstrating SSSA as a continuous, high-recall semantic measure of 
behavioral and interpersonal compatibility within a multi-KPI recruitment decision support 
framework. 

Figure 9 provides different insights into the performance of the Soft Skill Semantic Alignment 
(SSSA) key performance indicator within the candidate ranking process. 

 

Figure 9. SSSA Ranking Decay and Score Distribution Across Top-10 Job–Candidate Matches. Panel A shows 
monotonic SSSA decline across ranks, indicating decreasing behavioral alignment; Panel B shows an unimodal, 
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mid-range distribution, confirming SSSA as a continuous, explainable soft-skill similarity signal supporting 
nuanced ranking among technically comparable candidates. 

Figure A shows how the average value of SSSA changes with the rank of the candidate. The 
curve shows that, on average, the SSSA value decreases monotonically from rank 1 to rank 10, 
implying that higher-ranked candidates tend to have higher levels of semantic alignment with the 
behavioral and interpersonal expectations outlined within the job description, while lower-ranked 
candidates tend to have lower levels of semantic alignment with the job description. This shows 
consistency within the ranking process, an essential attribute of technology-enabled ranking 
processes, as outlined within the framework of candidate ranking in technology-enabled settings 
(Nikolaou, 2021). Furthermore, the process is not random, with the ranking of the candidates based 
upon their continuum of soft skills, an attribute of the principles of transformer-based semantic 
matching, as outlined within the study of Li et al. (2025). It is, of course, important to note that 
although the curve is smooth, implying continuous reduction of SSSA with increasing rank, the rate 
of decline is shallow, implying that although the SSSA value changes with increasing rank, the 
differences are not significant. For example, some of the top-ranked candidates have almost identical 
behavioral characteristics, an attribute of the real world, where several individuals may have almost 
identical communication skills, soft skills, or leadership attributes, as outlined within their personal 
narratives or résumés, respectively. This, therefore, shows that within the real world, several almost 
equivalent individuals are expected to be produced, an attribute of ranking processes, as outlined 
within several recent studies of semantic textual relatedness within the candidate ranking process 
(Zadykian et al., 2025). In terms of decision-making, therefore, an individual top-ranked candidate 
may be produced, with several almost equivalent individuals available for consideration within the 
recruitment process, an attribute of ranking processes, as outlined within several recent studies of 
ranking within technology-enabled settings (Nikolaou, 2021). The overall distribution of all SSSA 
scores for all job-candidate pairs within the top-10 shortlists is given in Figure B. From the histogram, 
it can be seen that there is an unimodal distribution of SSSA scores with most of the scores 
concentrated in the middle to upper range of the semantic alignment spectrum, with fewer scores in 
the extremes. This demonstrates that SSSA indeed measures a continuous construct of soft skill 
compatibility, as opposed to a hard distinction between “good” and “poor” soft skill compatibility, 
which is different from other embedding-based approaches to recruitment (Li et al., 2025; 
Mashayekhi et al., 2024). Moreover, it can be noted that, on average, most candidates will have 
moderate to good soft skill compatibility with the job description, with most of the scores being 
clustered closely together in the middle of the spectrum. However, it can also be noted that there are 
some lower-end SSSA scores in the top-10, implying that some candidates will have lower behavioral 
or interpersonal similarity with the job description, particularly if one includes broad definitions of 
soft skills. The figures have substantiated that SSSA indeed behaves as a soft, ranking metric with a 
monotonic relationship to rank, as can be expected of an explainable semantic matching model 
(Zadykian et al., 2025). Indeed, the SSSA score behaves in a way that is compatible with its usage as 
a multi-criteria decision support tool, which can make distinctions between technically equivalent 
candidates based on soft skill compatibility (Mashayekhi et al., 2024; Nikolaou, 2021). 

9. Measuring What Supports Soft Skills: The Soft Skill Evidence Density Metric 

The Soft Skill Evidence Density metric was proposed with the aim of moving away from a 
keyword analysis approach towards an evidence-based approach for soft skills evaluation, with a 
quantification of the degree of support available for the soft skills listed on an individualʹs curriculum 
vitae. The proposed metric does this by quantifying the degree of evidence available substantiating 
the skills listed on an individualʹs curriculum vitae, such as “teamwork,” “leadership,” and 
“communication.” Each element of evidence that substantiates the skills listed on an individualʹs 
curriculum vitae, for example, descriptions of cross-functional projects that an individual was a part 
of, descriptions of conflicts that were resolved by an individual, mentoring experiences, scenarios 
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that involve stakeholder management, and feedback received, contributes towards an individualʹs 
Soft Skill Evidence Density score. Thus, an individualʹs Soft Skill Evidence Density score is 
continuous and takes into account not only the availability of soft skills but also the degree of support 
available for the skills listed on an individualʹs curriculum vitae. With regard to the benefits that 
SSED offers over the state of the art in keyword analysis for curriculum vitae-based evaluation, the 
main advantage that SSED offers over existing approaches is that SSEDʹs signal quality is better than 
that which is available with keyword analysis or semantic analysis-based approaches for soft skills 
evaluation. The problem with keyword analysis or semantic analysis for soft skills evaluation is that 
an individualʹs score can be maximized by using templates, which is a problem that has been 
extensively discussed with regard to recruitment technology. SSED, therefore, can be seen as a step 
up from keyword analysis, given that it provides a measurable assessment of soft skills that is based 
on the level of evidence provided for the skills referred to in the curriculum vitae presented by the 
candidates. This makes it easier to discriminate among candidates, thus providing a framework for 
using SSED as a tool for ranking the shortlisted candidates (Ifakir et al., 2025; Li et al., 2025). SSED 
also provides a framework for comparing the candidates more adequately. Although both profiles 
may indicate that “communication skills” is a key skill, the profile of one candidate may indicate 
three different instances of such skills, while the profile of another candidate may indicate only a 
single instance of the skills. Based on SSED, the former will be ranked higher than the latter since 
more evidence is provided for the skills referred to in the profile. This ability of SSED to create 
quantitative distinctions from qualitative ones also makes it easier to be used for ranking. Moreover, 
the quantitative scale used for evaluating the level of evidence associated with the skills on the 
curriculum vitae makes it easier to carry out comparisons among candidates within the e-recruitment 
context (Mashayekhi et al., 2024). The quantitative nature of SSED is also confirmed by the fact that 
experiments carried out on a large dataset consisting of 308 job offers, each with a corresponding top 
10 ranking list, resulted in a total of 3,080 matches between the job offers and the candidatesʹ curricula 
vitae, with 136 different candidates being involved. This also points to a concentration effect, where 
a small number of candidates is associated with a high SSED soft skills evaluation (Li et al., 2025). In 
all instances across the global set, the SSED score’s numerical distribution has an average of 0.8775 
with a standard deviation of 0.2813. In numerical form, it has been observed that the shortlisted 
candidates’ set has a high density of relevant soft-skill information. However, it must be noted that 
there is considerable variability. Importantly, it has also been observed that the range from 0.0 to 1.0 
has been covered by the model. This is an important aspect to ensure that the model retains 
expressiveness to maintain discriminative ability in ranking (Mashayekhi et al., 2024). The ranking 
structure further supports the internal consistency of the metric, with an average SSED score for rank 
1 being 0.9708, monotonically decreasing to 0.8876 for rank 5. This shows that higher-ranked 
individuals have denser and more relevant evidence to support their soft skills, hence providing a 
meaningful ranking with quantitatively significant differences, similar to state-of-the-art deep 
learning-based ranking models (Li et al., 2025). The ranking separation statistics further provide more 
insights into the overall behavior of the SSED metric. From the analysis, it is clear that the average 
separation between ranks 1 and 10 is 0.1606, which is on a scale of 0 to 1. This clearly differentiates 
between higher-ranked individuals. Moreover, the standard deviation of the separation between 
ranks is 0.3145, with values ranging between 0.0 and 1.0, showing significant variations across 
different job postings, with some cases being almost impossible to differentiate based on the SSED, 
while in other cases, the metric clearly differentiates between candidates based on the explicitness of 
the soft skill information. Lastly, the recurrence analysis clearly shows that there is a significant long-
tail effect, with the average number of times the CV recurred being 22.65, with the most recurrent CV 
being 248 times. This clearly shows that there is indeed a small number of highly evidentiated profiles 
with versatile, high-level soft skills that can be applied to different situations. In other words, the 
SSED tends to identify candidates with highly developed, well-evidenced, and versatile soft skills, 
which can be applied to multiple situations, similar to other large-scale AI recruitment systems (Li et 
al., 2025; Mashayekhi et al., 2024). From the numerical analysis, it is clear that the SSED is indeed a 
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selective, well-behaved, and expressive metric. In other words, the numerical analysis supports the 
claim that it is possible to transform soft skills from unsubstantiated claims to evidence, hence 
providing a robust metric layer for talent matching, ranking, and shortlisting (Nikolaou, 2021; Dalal 
et al., 2020). See Table 9. 

Table 9. Aggregate Statistics of the Soft Skill Evidence Density (SSED)–Based Ranking Experiment. 

Category Metric Value 

Dataset Size 
Number of job offers 308 

Total job–CV matches (top-10) 3080 
Unique candidates involved 136 

SSED (Global) 

Mean 0.8775 
Standard deviation 0.2813 

Minimum 0.0000 
Maximum 10.000 

Ranking Structure 

Mean SSED at rank 1 0.9708 
Mean SSED at rank 2 0.9355 
Mean SSED at rank 3 0.9007 
Mean SSED at rank 4 0.8947 
Mean SSED at rank 5 0.8876 

Ranking Separation 

Mean gap (rank 1 – rank 10) 0.1606 
Std. dev. of gap 0.3145 
Minimum gap 0.0000 
Maximum gap 10.000 

Candidate Recurrence 

Mean appearances per CV 22.65 
Median appearances per CV 6 

25th percentile 2 
75th percentile 11 

Maximum appearances 248 
Note. This table reports dataset scale, global SSED distribution, ranking structure, separation, and 
recurrence, showing how evidence-based soft-skill measurement improves discriminative power 
beyond keyword claims and supports interpretable, robust ranking in recruitment decision support 
systems. 

Figure 10 offers a unique perspective on the behavior of the SSED matching model, not only on 
the ranking but also on how the score is distributed across all possible pairs of jobs and candidates. 
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Figure 10. SSED Ranking Decay and Score Distribution Across Top-10 Job–Candidate Matches. Panel A shows 
a sharp, near-monotonic SSED decline across ranks, indicating strong separation of evidence-rich profiles; Panel 
B shows a right-skewed distribution concentrated near one, confirming SSED’s discriminative, evidence-based 
ranking behavior. 

This two-fold perspective is similar to what is seen in contemporary survey results on e-
recruitment recommendation systems. For instance, ranking coherence and score distribution are 
considered some of the most important factors that determine the quality of an e-recruitment system 
(Mashayekhi et al., 2024). Figure A indicates that, with every step away from the top-ranked 
candidates towards the tenth-ranked candidates, there is a corresponding decrease in the mean SSED 
score, with a sharp, near-monotonic curve indicating a sharp decline. It is also indicated that the top 
SSED scores are reserved for the top-ranked candidates, with a corresponding decrease in score with 
a decline in ranking. This could indicate that the SSED matching model produces a coherent ranking, 
with the top candidates having the highest density of evidence supporting their soft skills. This is 
similar to what is seen with contemporary ranking-based e-recruitment systems that make use of 
deep learning algorithms for ranking candidates (Li et al., 2025). The sharp decline between the top-
ranked candidates and those who appear further down the ranking suggests that the SSED model 
produces a ranking that highlights a few candidates with strong soft skills and a corresponding 
amount of corroborating evidence, with a corresponding decline in SSED score with a decline in 
ranking. This is a characteristic that is seen with ranking systems that have the capacity to identify 
the “best matches” and separate them from the rest, making the SSED matching model useful for e-
recruitment systems (Nikolaou, 2021). Figure B shows the distribution of SSED scores over all 
matches. The distribution is significantly right-skewed, with an increased tendency towards scores 
closer to 1.0, gradually decreasing towards lower scores. This shows that there are a significant 
number of shortlisted matches with high SSED scores, implying higher levels of alignment between 
evidence statements and soft skills, as well as lower numbers of matches with lower levels of 
alignment. The tendency towards 1.0 also shows that, for a significant number of job-CV pairs, the 
evidence statements within the CV are significantly aligned with the soft skills obtained from job 
descriptions, as indicated by the results of applying both semantic-based and entity-based extraction 
techniques to recruitment data (Ifakir et al., 2025). At the same time, the presence of scores closer to 
the lower end of the range shows that SSED scores are dynamic, an essential attribute of scores in 
modern AI-based recruitment and recommendation systems (Mashayekhi et al., 2024). Both figures 
demonstrate that, in addition to being locally interpretable, SSED scores can be part of an overall 
ranking system with high scores concentrated towards the higher end of the ranking, with the 
distribution of scores over the entire candidate pool also being provided, an essential attribute of 
evidence-based recruitment approaches that use sophisticated semantic-based and deep learning-
based architectures, as indicated in Li et al. (2025) and Nikolaou (2021). 

10. CTFS as a Fine-Grained Signal for Cultural and Team Compatibility in 
Recruitment 

The Cultural & Team Fit Score (CTFS) is a measure that aims to measure the level of similarity 
between the personal values, working style, and personal characteristics of an individual and the 
culture of a particular organization or the working environment of a specific team within an 
organization. This measure can be regarded as an enhancement of the current technology-enhanced 
recruitment/selection methodologies that take into consideration a multi-dimensional criterion of fit 
between the applicant and the organization or the working environment of the team that the 
applicant is expected to join (Nikolaou, 2021; Potočnik et al., 2024). Contrary to the simplistic semantic 
analysis of the applicantʹs profile that might result in the misidentification of the applicant as 
culturally fit due to textual similarities that might be drawn between the applicantʹs personal profile 
and the organizational culture or working environment of the team that the applicant is expected to 
join—such as the use of phrases like “fast-paced environment” or “team-oriented mindset” that are 
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common in applicant profiles that are similar to the organizational/working environment of the team 
that the applicant is expected to join—the applicantʹs behavior is evaluated under similar conditions, 
such as decision-making styles, conflict resolution styles, receptiveness to feedback, 
leadership/followership tendencies, adaptability to change, or other personal characteristics that can 
be elicited from the applicant using other information sources that are increasingly used in 
technology-enhanced recruitment/selection methodologies, such as surveys on the sophistication of 
the recruitment methodology used (Nikolaou, 2021; Mashayekhi et al., 2024). The primary advantage 
of using CTFS over semantic analysis is its sensitivity to the context of culture. Culture is not just 
defined by the words an organization uses; culture is defined by expectations, norms, and trade-offs. 
For example, two organizations may share the same culture defined by words like “innovation.” 
However, one may prioritize speed, while the other may prioritize validation. The differentiation of 
expectations is achieved by mapping an individualʹs potential behavior against the organizational 
culture signature and team culture signature. This method moves beyond the boundaries of text-
based semantic relatedness or embedding-based matching mechanisms (Zadykian et al., 2025; Li et 
al., 2025; Kurek et al., 2024). It also makes possible precise predictions at the team level, not the 
organizational level, allowing for granular evaluation, e.g., between a research team and a sales team 
within an organization. This framework helps to mitigate micro-level misalignments, ensuring 
alignment with modern recruitment processes using artificial intelligence technology (Ifakir et al., 
2025). Moreover, the use of CTFS shows higher predictive validity in employee retention and 
employee performance. Research in organizational psychology shows that alignment between 
individual characteristics and organizational contexts is strongly, directly related to employee 
performance and turnover outcomes (Van Iddekinge et al., 2011). It can also predict possible 
integration problems during the employee onboarding process. The method addresses fairness, 
transparency, and accountability issues with algorithm-based recruitment processes (Raghavan et al., 
2020; Mehrabi et al., 2021). It provides explanations to the hiring teams about the reasons behind the 
predictions, e.g., employee tolerance of ambiguity, employee adherence to structured processes, 
employee collaboration propensity, etc. The method answers the call for transparent recruitment 
processes using artificial intelligence technology (Mashayekhi et al., 2024; Zadykian et al., 2025). 
Conceptually, the Cultural & Team Fit Score can be seen as a step beyond similarity at the word level, 
focusing on behavioral and contextual alignment. The table provides a quantitative summary of CTFS 
behavior and discriminative power, which can be seen as a quantitative summary of a large-scale 
matching experiment with 308 job offers, each with a top-10 shortlist, resulting in a total of 3,080 
job/CV matches. This data can be used to create a strong evaluation system, similar to medium-scale 
evaluations presented in recent research on AI-assisted recruitment (Li et al., 2025; Kurek et al., 2024). 
The data consists of 308 unique job roles, with 75 unique candidates in the top-10 shortlists, i.e., 
candidates culturally compatible with many different job roles. The global CTFS statistics show that, 
on average, a score of 0.9352 with a standard deviation of 0.0594 is obtained, indicating that most 
pairs of jobs/CVs have considerable cultural and team alignment. Moreover, the lowest score is 
0.7333, which indicates that even at the lowest possible score, there is some degree of alignment, 
while the highest score is 1.000, indicating highly aligned pairs of jobs/CVs. These results indicate 
that CTFS is a fine-grained ranking signal for plausible candidates, which is consistent with a natural 
fit with layered evaluation architectures, as proposed by recent intelligent recruitment systems (Li et 
al., 2025; Mashayekhi et al., 2024). This ranking structure is further corroborated by a gradual 
decrease in mean CTFS values for candidates at rank 1, which is 0.9574, and a small difference 
between consecutive ranks, which indicates that CTFS is effective at differentiating between highly 
similar candidates, a characteristic that is unique to highly precise fit measures. Furthermore, ranking 
separation metrics also indicate that CTFS differentiates between candidates, with a mean difference 
between ranks 1 and 10 being 0.0316, which indicates that while there is a limited range of possible 
scores, there is still a meaningful score range, which indicates that CTFS differentiates between 
candidates with different levels of cultural compatibility, which is a concern that is often cited with 
regard to algorithmic hiring systems (Raghavan et al., 2020; Mehrabi et al., 2021). Finally, recurrence 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0023.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0023.v1
http://creativecommons.org/licenses/by/4.0/


 33 of 55 

 

metrics indicate that there is a concentration effect, with a number of candidates showing cultural 
compatibility with multiple positions, which further indicates that CTFS is effective at identifying a 
group of highly suitable candidates with a broad range of applicability, which is relevant for a range 
of diverse team settings. The data characteristics, which include high scores with minimal variance, 
a smooth ranking structure, minimal inter-rank separation with meaningful differentiation at higher 
ranks, and significant recurrence, further indicate that the proposed measure is effective at 
conducting a nuanced evaluation of cultural and team compatibility between qualified candidates, 
which is consistent with semantic and embedding-based compatibility metrics, which have been 
proposed by recent AI-based hiring systems (Mashayekhi et al., 2024; Li et al., 2025; Kurek et al., 
2024). See Table 10. 

Table 10. Aggregate Statistics of the Cultural & Team Fit Score (CTFS)–Based Ranking Experiment. 

Category Metric Value 

Dataset Size 
Number of job offers 308 

Total job–CV matches (top-10) 3080 
Unique candidates involved 75 

CTFS (Global) 

Mean 0.9352 
Standard deviation 0.0594 

Minimum 0.7333 
Maximum 10.000 

Ranking Structure 

Mean CTFS at rank 1 0.9574 
Mean CTFS at rank 2 0.9505 
Mean CTFS at rank 3 0.9379 
Mean CTFS at rank 4 0.9341 
Mean CTFS at rank 5 0.9317 

Ranking Separation 

Mean gap (rank 1 – rank 10) 0.0316 
Std. dev. of gap 0.0336 
Minimum gap 0.0000 
Maximum gap 0.1111 

Candidate Recurrence 

Mean appearances per CV 41.07 
Median appearances per CV 14 

25th percentile 5.5 
75th percentile 51 

Maximum appearances 214 
Note. This table summarizes CTFS distribution, ranking structure, separation, and recurrence, 
showing consistently high cultural alignment, fine-grained discrimination among similar candidates, 
and concentration effects, supporting CTFS as a precise signal for team- and culture-level 
compatibility in multi-stage recruitment pipelines. 

Figure 11 offers a clear and complementary picture of the behavior of the Cultural & Team Fit 
Score (CTFS) within the employed ranking framework for the job candidate matching process, as 
supported by the most recent advances in the application of AI for the development of recruitment 
and recommendation systems (Mashayekhi et al., 2024; Nikolaou, 2021). See Figure 11. 
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Figure 11. CTFS Ranking Decay and Score Distribution Across Top-10 Job–Candidate Matches. Note. Panel A 
shows a smooth, monotonic CTFS decline across ranks, indicating stable ordering among culturally compatible 
candidates; Panel B shows a high-score–skewed distribution, confirming CTFS’s fine-grained discrimination 
within a plausible candidate pool. 

Panel A of the graph shows the decay of the mean CTFS across the different positions from 1 to 
10, while Panel B of the graph shows the overall distribution of the CTFS across the different matches 
that are evaluated. This allows the evaluation of the internal consistency of the employed ranking 
approach as well as the global statistical properties of the CTFS, which are the primary concerns of 
the most contemporary intelligent recruitment architectures (Li et al., 2025). Regarding the first of 
these panels, the smooth curve showing the monotonic decay of the mean CTFS across the different 
positions from 1 to 10 is noteworthy. The highest ranked candidates are the ones that achieve the 
highest levels of the CTFS, almost reaching 0.96 at the first position. Between the first and second 
positions, there is a notable decrease, although this is followed by a steeper decline between the 
second and third positions. After this initial separation of the candidates from the others, the decay 
of the CTFS becomes progressively flatter across the remaining positions until the 10th position is 
reached, at which the CTFS remains at 0.926. This pattern is very informative because it suggests that 
the ordering is not arbitrary; that the top positions are clearly distinguished from the rest of the 
candidates, especially at the top of the ordering, while the second half of the top-10 list contains 
candidates whose cultural fit is very similar. In practice, CTFS is thus very successful at identifying 
the best-fitting candidates while also indicating that there are several alternatives among the shortlist 
that are almost equivalent from a cultural and team fit perspective. The consistency of this pattern of 
decay is also consistent with the requirements of transparent and ordered ranking that are important 
for the design of algorithmic hiring systems (Raghavan et al., 2020). The picture provided in Panel B 
supports this perspective because it shows the distribution of CTFS scores for all job-CV matches. 
The histogram of the distribution is heavily skewed towards high scores, indicating that the great 
majority of the scores are between 0.90 and 1.00, while there is a clear peak at the upper end of the 
scale. Only a small number of matches are found at the lower end of the scale, between 0.75 and 0.85. 
This confirms that the CTFS operates in the high-score regime because the analysis is focused on the 
top 10 candidates for each job, not the overall applicant pool. Thus, the CTFS is a fine-grained 
discriminative signal among the pool of plausible and relevant candidates, rather than a coarse filter 
that distinguishes between good and poor candidates. The interpretability of such fine-grained 
similarity measures is also consistent with the requirements of the newly developing area of 
explainable matching systems (Zadykian et al., 2025). This juxtaposition of the two figures points to 
a key methodological concern. First, as a result of the prevalence of both high and concentrated score 
values, small numerical value differentials become relevant from a ranking perspective. Thus, Panel 
A demonstrates that even small declines in mean CTFS exhibit a systematic pattern with regard to 
their rank, suggesting that this metric is a stable measure for ordering. At the same time, Panel B 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 March 2026 doi:10.20944/preprints202603.0023.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0023.v1
http://creativecommons.org/licenses/by/4.0/


 35 of 55 

 

demonstrates that overall, CTFS has a constrained range, which explains why the distance between 
lower ranks is not large because, in fact, many of the candidates are very similar in cultural and team 
fit. In terms of fairness, this is a key concern because, from a fairness and robustness perspective, it is 
critical to understand the distribution of score values to avoid ranking being driven by spurious 
fluctuations (Mehrabi et al., 2021). From a practical point of view, these patterns indicate that CTFS 
is well-adapted to support shortlist prioritization and selection discussions as part of technology-
enabled recruitment processes (Nikolaou, 2021). The top-ranked individual is, on average, the best 
cultural fit, but several strong alternatives are close behind. On the other hand, the strong clustering 
of scores at the top also reveals that cultural fit is not unusual but rather a common trait among the 
core group of candidates who consistently score well as cultural fits—an established phenomenon 
when AI-based recommendation systems are applied to recruitment processes (Mashayekhi et al., 
2024; Li et al., 2025). To summarize, the above two figures clearly indicate that CTFS acts as a cohesive 
and high-resolution ranking signal that identifies subtle but systematic differences in cultural and 
team alignment among candidates while at the same time satisfying the requirements of 
explainability, robustness, and fairness as part of modern algorithmic recruitment systems 
(Raghavan et al., 2020; Mehrabi et al., 2021; Zadykian et al., 2025). 

11. CCS as a Risk-Reduction Filter in Multi-Stage Recruitment Pipelines 

The proposed metric, named Contract Compatibility Score (CCS), is meant to measure the level 
of compatibility between a candidateʹs expectations, restrictions, and preferences, on one side, and 
the terms of a particular contract, on the other, with a particular emphasis on structured recruiting 
practices, including those enabled with the help of modern technologies, in line with modern 
scholarship (Nikolaou, 2021; Potočnik et al., 2024). Unlike semantic analysis, which can, at best, detect 
words like ʺfull-time,ʺ ʺfreelance,ʺ or ʺremoteʺ in a resume or a job description, CCS is meant to 
measure multidimensional feasibility in terms of structured variables like contract type, duration, 
working hours, flexibility, benefits, risk, or legal restrictions, etc. From a conceptual point of view, 
CCS is meant to treat contract fit as an early-stage, quantified, rather than a late-stage, qualitative, 
recruitment decision variable, in line with modern, multi-layer intelligent architectures of recruiting 
systems, including structured constraints, like those proposed in Li et al. (2025) or Mashayekhi et al. 
(2024). Nevertheless, it is necessary to understand CCS in relation to its metric behavior in a broader, 
empirical context. In particular, the analysis is conducted on a pool of 308 job offers, each with a 
corresponding top-10 shortlist, resulting in a total of 3,080 job-CV pairs. In this pool, there are merely 
53 unique candidates, with their CVs appearing in all rankings, indicating a strong concentration 
effect, with a relatively small group of candidates satisfying contract requirements in a multitude of 
job offers. From a quantitative point of view, it can be stated that CCS is capable of reliably detecting 
a relatively rare attribute in a candidate pool, with a particular group of structurally compatible 
candidate profiles, in a manner analogous to concentration phenomena in recommendation systems, 
like those proposed in Kurek et al. (2024) or Mashayekhi et al. (2024). In particular, with regard to the 
distribution of scores, CCS is found to have a mean of 0.6448 with a standard deviation of 0.0598. 
These figures position the metric on the lower end of the spectrum, clearly below the average for 
other cultural/semantic fit metrics. This is not to say that it is a failing, as it reflects the tight constraints 
associated with contractual compatibility. Clearly, factors such as work hours, contract duration, 
legal status, and compensation structures place real-world limits on achievable compatibility. The 
minimum CCS figure of 0.4250 clearly shows that even the lowest-ranked of the top 10 candidates 
still meet a certain minimum threshold of contractual feasibility, while the maximum CCS of 0.8750 
clearly shows that nearly ideal contractual compatibility is possible, albeit relatively rare. Moreover, 
the absence of extremum clustering of the data suggests that CCS does not artificially inflate its 
figures, providing more real-world applicability to the algorithmic hiring process. In terms of 
governance, the inclusion of such constraints can only serve to increase transparency and 
accountability in algorithmic hiring systems, as suggested by Raghavan et al. (2020), Mehrabi et al. 
(2021). The ranking structure of CCS can further clarify its function as a metric. Clearly, the average 
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CCS of the top-ranked candidates is 0.6483, with minimal variation to 0.6445 by the fifth position. The 
minuscule differences between these figures clearly suggest that the top-ranked candidates for any 
given position will share similar contractual terms. In terms of the CCS as a metric, it is clearly not 
intended to be used as a fine-grained preference, as the primary contractual conditions will clearly 
be met by all candidates, with minimal practical application of the CCS figures to separate them. This 
two-stage process of constraint-based filtering, followed by more fine-grained ranking, clearly aligns 
with more modern approaches to the design of recruitment systems, as suggested by Li et al. (2025), 
Mashayekhi et al. (2024). This can be further evidenced by the calculation of ranking separation 
statistics. The average gap between rank 1 and rank 10 is 0.0063. The standard deviation is 0.0241, 
with a minimum gap of 0.0000. These values suggest that in many instances, it can be said that the 
best candidate and the tenth-best candidate are virtually indistinguishable with regard to CCS. At 
the same time, it must be noted that with a maximum gap of 0.2200, it is also evident that in a small 
minority of instances, there are significant gaps. This may be due to various strong constraints such 
as relocation needs, structured work schedules, or certain types of contracts. Quantitatively, this 
again supports the assertion that CCS is primarily a risk-reduction and feasibility tool rather than a 
discriminator. The statistics on candidate recurrence also offer certain structural characteristics. The 
average recurrence of each CV in the top-10 lists is 58.11. The median recurrence is 16, with a 
maximum recurrence of 271. This again points to a high degree of skewness in the data. The 
implication here is a strong ʺcore-peripheryʺ structure in which a small set of candidates are highly 
compatible with the conditions of most contracts, while the rest are much more intermittent. This has 
certain operational advantages. It also suggests that CCS can identify a stable set of “structurally 
compatible” profiles that can be given priority early on in the pipeline to avoid late-stage failure, such 
as offer rejection or early turnover—goals that are core to modern data-informed hiring practices 
(Nikolaou, 2021; Potočnik et al., 2024). All of this numerical data demonstrates that the CCS algorithm 
provides a moderate score with tight clusters, minimal average separation between ranks, and strong 
recurrence of a small set of candidates. This is the metric behavior expected from a KPI that seeks to 
model feasibility rather than similarity. CCS does not attempt to score the fine-grained preferences 
within a small range of viable options but rather seeks to stabilize the set of viable candidates by 
imposing hard constraints on the structural risk. This metric behavior aligns with technical, semantic, 
and cultural metrics, which may have a broader score range for viable candidates, while the CCS 
provides a firm foundation for the hiring decision, thus improving the predictability, efficiency, and 
effectiveness of the matching pipeline as a whole (Raghavan et al., 2020; Mehrabi et al., 2021). Table 
12. 

Table 12. Aggregate Statistics of the Contract Compatibility Score (CCS)–Based Feasibility Filtering 
Experiment. 

Category Metric Value 

Dataset Size 
Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 53 

CCS (Global) 

Mean 0.6448 
Standard deviation 0.0598 
Minimum 0.4250 
Maximum 0.8750 

Ranking Structure 

Mean CCS at rank 1 0.6483 
Mean CCS at rank 2 0.6464 
Mean CCS at rank 3 0.6464 
Mean CCS at rank 4 0.6461 
Mean CCS at rank 5 0.6445 

Ranking Separation 
Mean gap (rank 1 – rank 10) 0.0063 
Std. dev. of gap 0.0241 
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Minimum gap 0.0000 
Maximum gap 0.2200 

Candidate Recurrence 

Mean appearances per CV 58.11 
Median appearances per CV 16 
25th percentile 2 
75th percentile 31 
Maximum appearances 271 

Note. This table summarizes CCS distribution, ranking structure, separation, and recurrence, 
showing tightly clustered scores, minimal inter-rank differences, and strong concentration effects, 
confirming CCS as a feasibility and risk-reduction filter rather than a fine-grained preference ranking 
signal. 

Figure 12 provides an informative and concise visual representation of the behavior of the 
Contract Compatibility Score (CCS) in the broader framework of the ranking. See Figure 12. 

 
Figure 12. CCS Ranking Decay and Score Distribution Across Top-10 Job–Candidate Matches. Note: Panel A 
shows a shallow, monotonic CCS decline, indicating feasibility-based ordering with minimal discrimination; 
Panel B shows concentrated mid-range scores, confirming CCS acts primarily as a constraint filter rather than a 
fine-grained preference optimizer. 

Panel A represents the mean CCS over the different positions in the ranking framework, while 
Panel B represents the overall distribution of CCS over all the job-candidate pairs. With regard to 
Panel A, the smooth curve represents the gradual decline in the mean CCS from the first to the tenth 
position in the framework. The top-ranked candidates have the highest average CCS, slightly above 
0.648. The smoothness of the curve gradually decreases and reaches 0.642 at the tenth position. 
Although the differences are small, it is noteworthy that the monotonicity of the mean CCS over the 
positions in the framework reveals that the ranking framework is appropriate and that the top-ranked 
candidates are more contractually compatible with the position than the lower-ranked candidates. 
This behavior follows from the established properties of structured recruitment technologies that take 
into account feasibility constraints in the ranking framework (Nikolaou, 2021; Mashayekhi et al., 
2024). The smoothness of the curve also reveals that the top-ranked candidates per position in the 
framework are similar in terms of contractual compatibility. As discussed above, contractual 
compatibility is an overarching concept in which these types of factors often play the role of hard 
constraints. After satisfying the principal factors such as contract type, working hours, level of 
flexibility, and remuneration scheme, candidates often fall within a narrow range of feasibility. 
Therefore, the CCS does not intend to discriminate among candidates but rather to ensure that 
shortlisted candidates meet the overarching contractual requirements of the position. This constraint-
based behavior follows from the algorithmic recruitment technologies that focus on the overall 
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minimization of risks (Raghavan et al., 2020; Mehrabi et al., 2021). Moreover, Panel B provides 
corroboration of this result with regard to the distribution of the CCS score, as shown in the 
histogram. The distribution of the data appears to be concentrated in the middle to higher end of the 
score range, with a strong peak at about 0.65-0.70, accompanied by smaller peaks at neighboring 
scores. The number of data points is small at the lower end of the scale and even smaller at the higher 
end, as expected given the bounded nature of contractual compatibility. Such score concentration 
phenomena are known to occur in other e-recruitment recommendation system problems with large-
scale data, where structured feasibility constraints are incorporated, as reported in Mashayekhi et al. 
(2024). The concentration of scores at the dominant peak accounts for the smooth decline in the score 
distribution, as shown in Panel A, reflecting the ranking of candidates with close contractual 
compatibility. With regard to fairness, the stability of the score distribution within a narrow range of 
possible matches prevents arbitrary differentiation among equally qualified candidates, as discussed 
in Raghavan et al. (2020) and Mehrabi et al. (2021). Overall, the charts above demonstrate that the 
CCS is a stable and conservative ordering signal since there is a gradual decay while maintaining the 
same range of scores. This further supports the assertion that contract compatibility is primarily 
centered on the feasibility and risk-reducing aspects of the preference maximization problem rather 
than the maximization of the preference itself. Thus, the CCS can be used for initial filtering out of 
structurally incompatible candidates while also producing shortlists of candidates that are all 
contractually compatible along various other dimensions such as skills or cultural fit (Nikolaou, 2021; 
Mashayekhi et al., 2024). 

12. Turning Location Into a Constraint: A Data-Driven Approach with LMFI 

Location & Mobility Fit Index (LMFI) is presented as a tool for assessing the level of congruence 
that can be expected between a given candidateʹs geographical constraint factors, their mobility 
preferences, and their lifestyle needs, on the one hand, and the corresponding location needs and 
travel expectations for a particular given position, on the other. This measure distinguishes itself from 
other approaches to semantic analysis, which only allow for the detection of superficial expressions 
such as “remote,” “hybrid,” “willing to relocate,” etc. This measure goes beyond the usual 
approaches to information extraction that have typically been discussed in the context of entity 
detection (Khaouja, Kassou, & Ghogho, 2021; Ifakir et al., 2025). Location, from a metrics perspective, 
is a multidimensional constraint that includes commuting distance, commuting time, visa/work 
permit, time zone overlap, travel tolerance, personal constraints, family constraints, and willingness 
to relocate. This framework allows for the LMFI to differentiate between the statements made by two 
different candidates who state “willing to relocate.” In line with the latest developments in 
technology-mediated approaches to recruitment strategies and decision models (Nikolaou, 2021; 
Potočnik et al., 2024), geographical feasibility has also been made a key component of the overall 
multi-KPI framework (Li et al., 2025). In terms of evaluation, the dataset includes 308 job offers, each 
with a corresponding top 10 shortlist, which translates into a total of 3,080 job/CV pairs. A key 
quantitative finding from this research is that the diversity of unique candidates is very low, at only 
34. This finding points to a strong concentration effect, where a small number of candidates meet the 
criteria for multiple job opportunities. Geographical feasibility is a hard constraint, which greatly 
reduces the solution space. From a fairness and structural bias perspective, this phenomenon is in 
line with the broader literature on constraint effects in algorithmic systems, especially in the context 
of machine learning (Mehrabi et al., 2021). With regard to the global score, the mean was 0.5409 with 
a standard deviation of 0.0740. This is a relatively compressed scale. In addition, unlike other factors 
such as culture and skill, which may be less constrained, geographical feasibility is subject to real-
world limitations such as commuting bounds and legal issues. The minimum global score was 0.5000, 
which means that all pairs of users that meet the top 10 criteria will meet the minimum threshold of 
geographical feasibility, while the maximum global score was 0.7500, which represents a relatively 
low incidence of nearly perfect pairs. The ranking structure also provides further insight into the 
behavior of the LMFI as a signal. The average LMFI of ranks 1 through 4 is flat at 0.5422, then 
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gradually dips to 0.5402 at rank 5. This flatness of the curve further supports the notion that the top 
candidates for any given role are largely indistinguishable with regard to location and mobility fit. 
In other words, quantitatively, it further supports the notion that the LMFI is less of a fine-grained 
optimizer of user preferences and more of a gate to ensure that users meet the primary 
geographical/mobility constraints. This is further borne out by the ranking separation metrics, which 
showed that the average distance between rank 1 and rank 10 across all roles was 0.0023, with a 
standard deviation of 0.0116 and a minimum of 0.0000. In addition, the maximum distance was 
0.0600, which means that for most roles, the top-ranked user and the user at rank 10 are nearly 
identical with regard to the LMFI. The recurrence statistics for candidates also shed further light on 
the operational implications of the LMFIʹs behavior. On average, a CV will recur 90.59 times within 
top-10 lists, with a median recurrence rate of 35 times, a 75th percentile rate of 229.5, and a maximum 
rate of 277 times. This indicates that a few candidates will recur frequently due to their location and 
mobility compatibility, while a majority will be systematically excluded by constraint effects. This 
concentration effect is also consistent with constraint-based filtering effects that have been reported 
by Li et al. (2025) for large-scale recruitment recommendation systems. Overall, these metrics appear 
to indicate a KPI that produces a range of moderate, tightly grouped values, a flat ranking profile, 
minimal average separation across positions, and a highly concentrated distribution of candidate 
recurrence. This suggests that the KPI is designed to operate within a model that takes account of 
geographical feasibility and mobility sustainability but does not account for preference or semantic 
similarity between candidates or locations. The LMFI framework is designed to filter candidates by 
hard constraints and identify a small, stable set of structurally compatible candidates, thereby 
eliminating risks related to burnout, relocation failure, and unsustainable travel. It thereby translates 
a vague textual representation of location preference into a clear, data-driven decision variable within 
a multi-KPI-based recruitment framework. See Table 13. 

Table 13. Aggregate Statistics of the Location & Mobility Fit Index (LMFI)–Based Feasibility Filtering 
Experiment. 

Category Metric Value 

Dataset Size 

Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 34 

LMFI (Global) 

Mean 0.5409 
Standard deviation 0.0740 
Minimum 0.5000 
Maximum 0.7500 

Ranking Structure 

Mean LMFI at rank 1 0.5422 
Mean LMFI at rank 2 0.5422 
Mean LMFI at rank 3 0.5422 
Mean LMFI at rank 4 0.5422 
Mean LMFI at rank 5 0.5402 

Ranking Separation 

Mean gap (rank 1 – rank 10) 0.0023 
Std. dev. of gap 0.0116 
Minimum gap 0.0000 
Maximum gap 0.0600 

Candidate Recurrence 

Mean appearances per CV 90.59 
Median appearances per CV 35 
25th percentile 21 
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75th percentile 229.5 
Maximum appearances 277 

Note. This table reports LMFI distribution, ranking structure, separation, and recurrence, showing 
flat rankings, minimal inter-rank differences, and strong concentration effects, confirming LMFI as a 
hard-constraint feasibility filter for geographical and mobility compatibility rather than a preference-
based ranking signal. 

Figure 13 offers a compact and understandable representation of the behavior of the Location & 
Mobility Fit Index (LMFI) within the ranking system. See Figure 13. 

 
Figure 13. LMFI Ranking Profile and Score Distribution Across Top-10 Job–Candidate Matches. Note. Panel A 
shows a flat LMFI profile with minimal decline, indicating feasibility filtering rather than preference ranking; 
Panel B shows discrete, clustered scores, confirming LMFI operates as a constraint-based gate for geographic 
and mobility compatibility. 

Panel A displays the decline of the mean LMFI across ranking positions, while Panel B displays 
the distribution of LMFI across all possible job-candidate pairs. For Panel A, we observe that the 
curve is flat across the first four ranking positions, with the mean LMFI retaining its value at 
approximately 0.542. This indicates that the top candidates are virtually indistinguishable with 
regard to location and mobility fit. The decline only manifests itself beyond the fourth ranking 
position, with a decline first to around 0.540, then to slightly below that value for the lower ranking 
positions. It is important to note that even at this latter range, the difference between a first-place and 
a tenth-place ranking is extremely minimal. The flatness of this curve indicates that LMFI primarily 
operates as a feasibility criterion, which is consistent with general trends in the broader labor market 
with regard to structural mobility constraints and hybrid work arrangements (Di Battista et al., 2023; 
Burbridge, 2025). Beyond a certain set of fundamental geographical and mobility constraints related 
to a specific role, such as acceptable commuting distances, relocation, or tolerance for traveling, 
candidates will tend to score closely together, with the ranking system not differentiating candidates 
on the basis of strong preference but instead grouping candidates who are uniformly compatible with 
regard to location fit for a specific role. This is, of course, an expected result given the increasingly 
regulated and contractual nature of both border-crossing work arrangements and remote work, in 
which feasibility is defined by both legal, tax, and organizational conditions, not merely personal 
preference (Escribano, 2024). Panel B of Figure 3 above corroborates the above result, as it shows the 
value distribution of LMFI to be heavily concentrated. The histogram shows an overwhelmingly 
dominant spike at 0.50, with smaller groups of scores clustered at 0.58, 0.66, and 0.75. The discrete 
nature of the distribution shows that LMFI is heavily influenced by a small number of underlying 
configurations of location and mobility, with the result that a number of applicants are classified 
within the same compatibility groups, thereby receiving the same scores or near-same scores. The 
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strong spike at the lower end of the scale, 0.50, shows that the majority of the matches are merely 
compatible within the minimum feasible conditions, with a smaller number of matches receiving 
higher scores, indicating strong relocation readiness or high levels of flexible mobility, among other 
factors. Such stepwise feasibility patterns are, of course, consistent with the nature of International 
Labor Governance, in which both compliance and mobility are governed by rules based upon 
threshold conditions, not continuous scales (Chau, 2025). Overall, the two panels of Figure 3 above 
show that LMFI functions within a limited score space with both limited variance and significant 
clustering. While this may be seen as limiting, it is, of course, an accurate reflection of the nature of 
both location and mobility, in which binary conditions are often at work. From a practical point of 
view, the above results show that LMFI is best suited to ensuring that the shortlisted pool of 
applicants contains merely those who are realistically compatible with the geographical 
configuration of the job, but is not suited to ranking within that feasible pool. In other words, LMFI 
turns location into a specific, practical constraint, which can be useful for risk reduction, retention 
opportunities, and more predictable hiring outcomes that align with the emergent global trends in 
labor mobility (Di Battista et al., 2023; Burbridge, 2025). 

13. Seniority & Compensation Alignment (SCA): Measuring Structural Fit in 
Hiring 

The Seniority & Compensation Alignment (SCA) Key Performance Indicator (KPI) has been 
developed to measure the level of correspondence between the experience level, scope of 
responsibility, and market positioning of a given candidate in comparison to the seniority and 
compensation framework inherent to a given function. While semantic-based measures may be based 
on labels such as “Senior Manager” or phrases such as “10+ years of experience,” SCA measures the 
structural level of correspondence with regard to the economic and organizational structure of a 
given function. In a quantitative sense, this involves aggregating information with regard to breadth 
of responsibility, decision impact, team size, benchmarking, and compensation into a single measure 
of structural correspondence. This approach is consistent with recent studies on changes to job 
structure and compensation in labor markets impacted by artificial intelligence (Di Battista et al., 
2023; Mindell & Reynolds, 2023; Drozd & Tavares, 2024; Mer, 2023). From an empirical perspective, 
this involves an evaluation based on a database of 308 job offers with corresponding top-10 rankings, 
resulting in a total of 3,080 matches between jobs and CVs. Of the total rankings, 80 unique candidates 
are observed. While this represents a level of concentration effect with regard to structural 
correspondence to numerous roles with regard to seniority and compensation expectations, it also 
suggests a level of diversity with regard to market-positioning constraints that only a limited subset 
of candidates are able to meet across various job opportunities—a quantitative measure of diversity 
closely tied to issues of wage dispersion, benchmarking, and stratification dynamics in labor markets 
(Vazquez-Alvarez et al., 2022; Peña-Casas et al., 2025). Considering the global SCA score distribution, 
the mean value equals 0.7219, and the standard deviation equals 0.1123. Such an average level of 
alignment with considerable variability may be seen as a sign of both medium-to-high levels of 
alignment and considerable variability compared to stricter feasibility criteria. Such variability may 
be seen as conceptually appropriate because the alignment of seniority and compensation depends 
on various continuous criteria rather than binary constraints like the location or contract type. Such 
multidimensional structures are at the core of contemporary debates on compensation and 
remuneration (Turba, 2024; Aumayr-Pintar & Baggio, 2025). The minimum value of the SCA score 
equals 0.6200. Thus, even the weakest top-10 matches will always have at least some level of 
structural compatibility. The maximum SCA score equals 0.8750. Thus, even though there are some 
cases of almost optimal levels of alignment, they are not dominant. The SCA score does not restrict 
candidates to a narrow range but reflects various levels of alignment appropriate from the 
contemporary point of view of HR analytics and compensation alignment (Mer, 2023). The ranking 
structure also supports that SCA acts as an effective and consistent ordering signal. The SCA at rank 
1 has an average of 0.7274. The SCA at rank 2 drops slightly but remains close to the previous one. 
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From then on, the SCA gradually decreases as the rank decreases. The SCA at rank 5 drops to 0.7223. 
Although the SCA changes slightly from one rank to another, the gradual decline from rank 1 to rank 
5 indicates that candidates at higher ranks are more aligned with the seniority and compensation 
structure of the job. From the quantitative perspective, this supports the effectiveness of SCA as an 
ordering signal. The above phenomenon also holds when considering the ranking separation 
statistics. The average ranking separation from rank 1 to rank 10 is 0.0094. The standard deviation of 
ranking separation is 0.0314. The minimum ranking separation is 0.0000. The maximum ranking 
separation is 0.1500. The above phenomenon reflects the heterogeneity of the market and the 
structural wage segmentation (Vazquez-Alvarez et al., 2022; Peña-Casas et al., 2025). Other 
information can be derived from the candidate recurrence statistics. Each candidate on average 
appears 38.50 times across the top 10 lists, while the median is 8. The 75th percentile is 44.50, while 
the maximum is 236. This implies that there is a group of candidates who are best placed in terms of 
market-aligned seniority and salary expectations, making them suitable for a number of positions. 
However, the range of appearances in relation to other tighter feasibility KPIs (such as location or 
contract) implies that SCA allows for a more diverse candidate pool without focusing too heavily on 
a very small number of candidates. This is an important aspect of modern-day discussions on 
inclusive and resilient labor markets (Peña-Casas et al., 2025; Di Battista et al., 2023). Overall, the 
quantitative outcomes situate SCA at an intermediate position among KPIs, being at once more 
discriminative than feasibility KPIs because of their broader score distribution, while at the same time 
remaining closer to structural KPIs because of their grounding in economic and organizational 
reality. Finally, in terms of metric characteristics, with their relatively high mean scores, notable 
variance, consistent trend in rankings, and varying degrees of separation, it is evident that SCA is 
picking up economically relevant differences in alignment, rather than merely superficial textual 
similarity. From a practical standpoint, this makes SCA useful in risk reduction and negotiation, in 
that it can be used to assess whether or not there is a structural match between a candidate’s level of 
seniority and their level of compensation, thus allowing for anticipation of potential issues that could 
lead to candidate disengagement, failed negotiations, or even issues of equity in compensation that 
have become increasingly prominent in both theoretical and practical discussions on compensation 
governance and transparency (Aumayr-Pintar & Baggio, 2025; Turba, 2024). Furthermore, it can also 
be useful in strategic workforce planning in addressing mismatches between role designs and 
available pools in an increasingly fluid labor market impacted by technological change (Mindell & 
Reynolds, 2023; Drozd & Tavares, 2024). Quantitatively, it is thus demonstrated that SCA is a useful 
KPI in providing a strong, meaningful, and economically relevant signal in assessing alignment, in 
addition to technical, cultural, and feasibility KPIs in a multi-dimensional recruitment decision-
making process. See Table 14. 

Table 14. Aggregate Statistics of the Seniority & Compensation Alignment (SCA)–Based Structural Fit 
Analysis. 

Category Metric Value 

Dataset Size 

Number of job offers 308 
Total job–CV matches (top-10) 3080 
Unique candidates involved 80 

SCA (Global) 

Mean 0.7219 
Standard deviation 0.1123 

Minimum 0.6200 
Maximum 0.8750 

Ranking Structure 

Mean SCA at rank 1 0.7274 
Mean SCA at rank 2 0.7274 
Mean SCA at rank 3 0.7263 
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Mean SCA at rank 4 0.7230 
Mean SCA at rank 5 0.7223 

Ranking Separation 

Mean gap (rank 1 – rank 10) 0.0094 
Std. dev. of gap 0.0314 
Minimum gap 0.0000 
Maximum gap 0.1500 

Candidate Recurrence 

Mean appearances per CV 38.50 
Median appearances per CV 8 

25th percentile 3.75 
75th percentile 44.50 

Maximum appearances 236 
Note. This table summarizes SCA distribution, ranking structure, separation, and recurrence, 
showing moderate variability, coherent ordering, and structural differentiation, confirming SCA as 
an economically meaningful signal for assessing seniority–compensation alignment within multi-KPI 
recruitment decision-making pipelines. 

Figure 14 provides an unambiguous view of what it means to be in the Seniority & 
Compensation Alignment (SCA) ranking framework. See Figure 14. 

 
Figure 14. Structural Compatibility Alignment Across Ranks and Score Distribution. Note. Panel A shows 
monotonic SCA decay from rank one to ten with early separations and late plateau; Panel B reveals clustered 
score regimes, indicating discrete alignment tiers and limited discrimination. 

Specifically, Panel A provides an overview of how the average SCA changes as we move across 
ranks from 1 to 10. Panel B provides an overview of the distribution of SCA across all job-candidate 
matches. The smooth curve in Panel A indicates a monotonic decline in average SCA as we move 
across ranks. The top-ranked candidates have the highest average SCA, which is just above 0.727. 
The SCA then gradually declines to about 0.718 by rank 10. Although the differences are small, it’s 
important to note that this pattern is consistent across all ranks. The large decline in SCA from ranks 
3 to 4 and ranks 5 to 6 suggests that the ranking system does an excellent job of distinguishing a small 
set of top candidates with higher structural alignment from the rest. Once we get past rank 7, we see 
a plateau. This suggests that lower-ranked candidates are all quite similar to one another in SCA. The 
only difference among them is in degree. Panel B reinforces this picture with a visualization of the 
distribution of SCA scores. From the histogram, it is clear that there is a strong presence of scores in 
the range of approximately 0.62 to 0.65, with a secondary, albeit significant, presence of scores in the 
range of approximately 0.84 to 0.86. There is a smaller presence in the mid-range, between 0.72 and 
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0.75. This reinforces the idea that SCA is primarily influenced by a few structural configurations or 
discrete alignment categories, likely related to combinations of seniority level, scope of responsibility, 
and compensation band matching. In addition, it reinforces the idea that SCA is not a continuously 
distributed metric, with scores clustering around a few typical alignment regimes, in line with the 
idea that roles and candidate profiles tend to be organized into relatively standardized market tiers. 
The two panels demonstrate that SCA is a relevant, albeit not extremely discriminative, signal in 
candidate rankings. In particular, Panel A shows that there is a strong, coherent signal in candidate 
rankings, with higher ranks associated with better structural alignment. Panel B shows that, in spite 
of this, there is a strong presence of a few principal alignment groups among candidates, in line with 
the relatively smooth decay in scores and with the limited differences between consecutive ranks. In 
practical terms, this means that SCA is well suited to identifying candidates with an experience level 
and compensation expectations that are structurally compatible with the role, while also highlighting 
that there is a strong presence of candidates within relatively similar market alignment tiers, thus 
offering viable alternatives from both economic and organizational points of view. 

14. Designing a Multi-Stage Matching Process: Insights from Cross-KPI 
Performance Patterns 

The following table represents a comprehensive comparison of a multi-dimensional matching 
framework, highlighting how various key performance indicators behave in terms of their score level, 
variability, their power in ranking, and candidate concentration. Instead of focusing on one particular 
definition of ʺfit,ʺ it shows how each metric measures a different aspect of compatibility between 
candidates and how these aspects interact with each other in a complex matching environment, in 
line with recent studies on structural changes in the labor market and skills restructuring (Di Battista 
et al., 2023; Andabayeva et al., 2024). First, with regard to Semantic Similarity, although it shows a 
relatively low mean score of 0.446, it also shows relatively low variability at 0.051, indicating that it 
is functioning at a conservative level, primarily at the lexical level. Furthermore, with a relatively 
high rank separation of 0.071, it is also capable of providing a certain level of candidate ranking, 
although with 149 unique candidates and a medium recurrence pattern, it is relatively permissive in 
nature, not strongly restricting the candidate pool, as expected from a text-based approach that 
measures surface-level similarity. The HSCR metric, on the other hand, is noteworthy for having a 
high mean at 0.814, together with extremely high variability at 0.356, indicating that it is relatively 
polar in nature, with candidates clustering at extremely high or low levels of fit. Furthermore, with a 
relatively moderate level of rank separation at 0.042, together with a medium recurrence pattern, it 
is relatively less capable of candidate ranking, functioning more like a binary signal that is capable of 
distinguishing between strong mismatches or strong matches, but not capable of distinguishing 
between strong or weak matches. On the other hand, HSPS, with its lower average value of 0.528, 
higher rank separation of 0.081, and highest number of unique candidates of 208, shows strong 
discriminative power in ranking-based ordering, with considerable diversity maintained among the 
profiles. Its lower recurrence value confirms that different candidates can satisfy different hard skill 
requirements, making HSPS more efficient in ordering than in focusing too much on a narrow subset 
of candidates. This behavior follows the overall employment market changes, including the 
diversification of skill portfolios, as seen in developing and advanced economies (Andabayeva et al., 
2024). A very similar, albeit slightly more text-based, pattern is seen in the case of SSSA, with its 
average value of 0.563, rank separation of 0.078, good discriminative power, high number of unique 
candidates of 203, and lower-medium value of recurrence, suggesting that SSSA works within a more 
liberal space of soft skill semantics. However, the situation changes significantly with SSED, with its 
high average value of 0.878, high variability of 0.281, and the highest rank separation of 0.161, 
suggesting that soft skill evidence-based modeling has the highest discriminative power among the 
three models. The medium value of recurrence, along with the lower number of unique candidates 
of 136, confirms that requiring evidence of soft skill possession naturally leads to a lower number of 
candidates, with meaningful ordering differences between the remaining ones, as seen in modern 
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debates about valuing essential and relational work, as well as its documentation (Stevano, 2024). 
Finally, the case of CTFS, with its highest mean value of 0.935, minimal variance of 0.059, small rank 
separation of 0.032, and merely 75 unique candidates, clearly shows that the system is working within 
a high-fit setting, fine-tuning the ranking of already culturally compatible candidates. The high 
recurrence value shows that the focus is entirely on the small group of culturally compatible profiles, 
making the CTFS optimization signal very fine-grained. The two constraint-based KPIs, CCS 
(Contract Compatibility) and LMFI (Location & Mobility), show an even clearer picture of the two 
being primarily feasibility filters, with both having very small rank separation, 0.006 and 0.002, 
respectively, and both having very high recurrence rates, with LMFI having merely 34 unique 
candidates. This clearly shows that the two are primarily feasibility filters, with the candidates being 
either compatible with the constraints or not, with no room for ranking within the feasible space. In 
policy terms, such structural constraints are becoming increasingly relevant with the changing 
employment market, pay scales, and regulations (Aumayr-Pintar & Baggio, 2025). Finally, SCA 
(Seniority & Compensation) takes an intermediate position, with a mean value of 0.722, greater 
variability (0.112), a moderate rank separation (0.009), and a total of 80 unique candidates. This is 
consistent with recent macro-level studies on labor market restructuring and compensation 
realignment with technological and organizational change (Di Battista et al., 2023; Andabayeva et al., 
2024). The table clearly illustrates that an efficient matching system requires a combination of highly 
discriminative ranking signals, such as SSED and HSPS, with strong feasibility constraints, including 
LMFI and CCS, and structural alignment, including SCA and CTFS. Each KPI contributes to a 
comprehensive process that replaces a semantic approach with a multi-dimensional, operational, and 
realistic approach, mirroring broader changes in skills, compensation, and employment structures 
(Di Battista et al., 2023; Stevano, 2024). See Table 15. 

Table 15. Comparative Performance Profile of KPIs in the Multi-Dimensional Matching Framework. 

KPI 
Mean 
Score 

Variability 
(Std) 

Rank 
Separation 

(Top1–
Top10) 

Unique 
Candidates 

Recurrence 
Pattern 

Main Insight 

Semantic 
Similarity 

0.446 0.051 0.071 149 
Medium (≈21 

avg) 

Good lexical 
discrimination, 

moderate 
concentration 

HSCR 0.814 0.356 0.042 133 
Medium (≈23 

avg) 

Strong binary-like 
signal, high 

variance 

HSPS (Hard 
Skills) 

0.528 0.075 0.081 208 
Low (≈15 

avg) 

Strong ranking 
power, diverse 

candidates 

SSSA (Soft 
Skills – 

Semantic) 
0.563 0.065 0.078 203 

Low–
Medium 

Good 
discrimination but 

still text-driven 

SSED (Soft 
Skills – 

Evidence) 
0.878 0.281 0.161 136 Medium 

Strongest 
separation, 
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evidence-based 
signal 

CTFS (Cultural 
Fit) 

0.935 0.059 0.032 75 
High (≈41 

avg) 

Very high fit, fine-
grained ranking 
among similar 

profiles 

CCS (Contract 
Compatibility) 

0.645 0.060 0.006 53 
High (≈58 

avg) 

Feasibility filter, 
weak rank 

discrimination 

LMFI 
(Location & 

Mobility) 
0.541 0.074 0.002 34 

Very high 
(≈91 avg) 

Strong constraint 
filter, near-binary 

feasibility 

SCA (Seniority 
& 

Compensation) 
0.722 0.112 0.009 80 

Medium (≈39 
avg) 

Structural 
alignment, 
moderate 

discrimination 
Note: This table compares KPIs across mean scores, variability, ranking power, and candidate 
concentration, illustrating complementary roles of semantic, evidence-based, structural, and 
constraint-based signals within a staged recruitment decision process rather than a single monolithic 
optimization objective. 

The comparative evaluation of all KPIs points to the fact that ranking algorithms according to 
their absolute “quality” is not only meaningless but also methodologically incorrect, since all KPIs 
measure a specific dimension of compatibility between jobs and candidates. Rather, our research 
points to the feasibility of applying a functional order of KPIs according to a multi-staged decision 
process. Thus, we shift the problem of matching from an optimization problem to a multi-staged 
decision process according to the logic of real recruitment processes. This approach complies with 
current research on human resource architectures with support by AI technologies (Raisch & 
Krakowski, 2021; Tambe, Cappelli, & Yakubovich, 2019; Van Esch, Black, & Ferolie, 2019). The first 
stage of this decision process will be dominated by those KPIs that are most constraint-oriented: The 
Location and Mobility Fit Index and the Contract Compatibility Score. These KPIs are characterized 
by extremely small rank differences and high recurrence rates. The function of these KPIs is not to 
evaluate candidates according to subtle differences but to check whether a certain profile can be 
considered for a given position at all. This approach complies with critical research on automated 
recruitment processes. The latter points to the feasibility of distinguishing clearly between feasibility 
checks and subsequent decision processes to reduce potential biases (Bogen & Rieke, 2018; Sánchez-
Monedero, Dencik, & Edwards, 2020; Köchling & Wehner, 2020). Having determined this feasibility 
space, the subsequent phase considers various criteria related to structural and organizational 
compatibility, which are given by Seniority and Compensation Alignment and Cultural and Team 
Fit Score. These criteria are characterized by high average values, low variability, and high candidate 
concentration. These characteristics empirically validate their role as refinement criteria among 
already compatible candidates. These criteria guarantee that only candidates who are feasible are 
also structurally coherent with regard to the organization’s context, market positioning, and cultural 
framework in which the position operates. This approach to talent management and identification is 
in line with contemporary research on the development of AI-based talent management tools (Akhtar 
et al., 2019; Tambe et al., 2019). Having navigated this structural framework, the process now 
considers various criteria related to technical admissibility. The Hard Skill Coverage Ratio plays a 
pivotal role in this phase. The high average value of this indicator, combined with extremely high 
variability and high rank separation, suggests a bipolar distribution. This phenomenon can be best 
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explained by assuming a gatekeeping function. As such, this indicator is best suited to guaranteeing 
minimum standards are met rather than ranking candidates. This structure is in line with 
interdisciplinary research at the interface of psychology and machine learning. The latter requires a 
combination of admissibility criteria with subsequent ranking criteria to ensure an appropriate talent 
management process (Liem et al., 2018). It is only after establishing the feasibility, structural 
coherence, and technical admissibility that we should make use of the most discriminative ranking 
signals, which embedding-based and evidence-based KPIs offer. It is at this final stage that Soft Skill 
Evidence Density takes its position as the primary driver, with its considerably highest rank 
separation, indicating its capacity for differentiation on actual behavioral evidence. Hard Skill 
Proficiency Similarity and Soft Skill Semantic Alignment follow, providing continuous signals of 
proximity between candidates on a continuous scale, while Semantic Similarity, although less 
discriminative, provides a stabilizing effect on a lexical level. The patterns that emerge with regard 
to rank separation, variation, and recurrence of candidates across the data set itself justify this order 
and indicate that these KPIs function optimally when combined, rather than individually. The 
constraint-oriented KPIs guide the search space, structural alignment metrics stabilize and 
contextualize the search space, while requirement-based KPIs ensure technical viability, and finally, 
the highly discriminative semantic and evidence-based KPIs ensure a meaningful ranking. The 
proposed model operationalizes a concept of fit that combines soft skills, hard skills, and contextual 
and contractual conditions, moving beyond a semantic approach towards a more realistic, 
understandable, and governance-conscious approach to a recruitment-related decision-making 
process, which is in line with recent discussions on accountable and human-centered AI in hiring 
processes (Bogen & Rieke, 2018; Köchling & Wehner, 2020; Sánchez-Monedero et al., 2020). See Figure 
15. 

 

Figure 15. Beyond Keywords: A Multi-KPI, Staged Decision Framework for Candidate Ranking. Note. The figure 
decomposes candidate fit into nine KPIs across skills and context, organizing them into a three-phase pipeline 
that filters infeasible matches, enforces technical thresholds, and performs evidence-based, high-resolution 
ranking. 

15. Orchestrating Hard Skills, Soft Skills, and Constraints in Job–Candidate 
Matching 

The main value of the proposed framework does not lie in the identification of the “best” single 
metric but, rather, in the ability of the developed framework to demonstrate the orchestration of 
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multiple KPIs within a unifying decision process that reflects the realities of the recruitment practice. 
From the managerial point of view, the analysis supports the argument that the job-candidate 
matching process should not be viewed as an optimization task that relies on a single number or 
score. Rather, the process should be viewed as a multi-stage decision-making pipeline where 
different indicators play different albeit important roles, as supported by the recent studies on the 
use of AI-based recruitment systems and recommendation systems (Mashayekhi et al., 2024; Kurek 
et al., 2024). The first of the key implications of the developed framework is the clear differentiation 
between the KPIs that are primarily used as feasibility constraints and the KPIs that can be used for 
candidate ranking. For example, the Location and Mobility Fit KPI and the Contract Compatibility 
KPI are characterized by an extremely low separation of ranks and a very high candidate recurrence. 
This behavior of the respective indicators is similar to the behavior of binary filters. The most 
important application of such indicators is the identification of the pool of candidate profiles that can 
realistically be considered admissible for the respective job position. From the decision-maker’s point 
of view, the application of such indicators should be performed at the initial stages of the decision-
making process in order to ensure that the respective recommendation system does not produce 
technically optimal yet operationally impossible candidate recommendations. This logic of the initial 
filtering of the candidate pool aligns with the studies that emphasize the importance of the use of 
transparent constraint handling at the initial stages of the recruitment process (Raghavan et al., 2020; 
Mehrabi et al., 2021). The next layer of decision-making, which is represented by structural and 
contextual alignment metrics, includes Seniority and Compensation Alignment and Cultural and 
Team Fit. The patterns that have been noted, including high means, minimal variance, and a strong 
concentration of candidates, indicate that these KPIs primarily function as refinement signals within 
an already compatible group of candidates, rather than functioning as a broader form of selection. 
The managerial value that these metrics offer is primarily that they help mitigate risks related to 
potential issues with organization, economy, and culture, which recruiters must then navigate while 
seeking candidates that are not only feasible but also coherent with the context, team, and market 
position that a specific role represents, which is an increasingly important consideration within 
contemporary models of labor market analysis (World Economic Forum, 2023; WHO & ILO, 2022). 
The next form of decision-making that is represented is that which focuses on technical admissibility, 
with Hard Skill Coverage Ratio and gap-related metrics being highly relevant within this form of 
assessment. The extremely high variance that was noted with these metrics suggests a polarized form 
of behavior, with candidates being grouped into those that are clearly suitable and those that are 
clearly unsuitable, which indicates that their primary managerial value is likely that they function as 
a form of gatekeeping mechanism that enforces a minimum threshold, while also providing 
information that enables workforce planning, allowing an organization to identify candidates that 
are close to the ideal profile and for whom training investments could be strategically justified, a form 
of assessment that is highly relevant within contemporary models of AI-based matching and skill 
modeling (Li et al., 2025; Kurek et al., 2024). It is only after the feasibility, structural coherence, and 
technical adequacy of this evidence have been confirmed that it becomes possible to rely on the most 
discriminative ranking signals, namely those based on semantic similarity, with particular emphasis 
on evidence-based modeling of soft skills. The experimental results demonstrate that Soft Skill 
Evidence Density achieves the highest rank separation by far, thus being the most powerful 
discriminative signal for final-stage candidate selection. Hard Skill Proficiency Similarity and Soft 
Skill Semantic Alignment complement this ranking signal with continuous, semantically informed 
signals of proximity in technical and soft skills, respectively, while the baseline Semantic Similarity 
contributes a less discriminative but still useful lexical signal. This complex integration of 
embedding- and evidence-based signals follows a broader trend in intelligent recruitment systems, 
where deep learning and graph-based approaches can be used to boost fine-grained ranking 
performance (Li et al., 2025; Mashayekhi et al., 2024). This means that, for managers, the final stages 
of shortlisting can be aided by signals that capture subtle but crucial differences in professional 
narratives, behaviors, and practices. From the candidates’ point of view, the implications of the multi-
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KPI structure are as follows. The framework makes it evident that optimization along one dimension 
alone is not enough. Candidates will benefit from making their hard skills and soft skills explicit and, 
most importantly, from providing evidence of their behavioral skills. On the other hand, clarity 
regarding availability, mobility, contractual conditions, and seniority levels will have a direct impact 
on the candidates’ visibility during the early stages of the selection pipeline. Profiles that are well-
rounded and comprise both technical and soft skills, along with contextual conditions and 
constraints, will have a greater likelihood of passing through the successive stages of the pipeline and 
achieving high ranks during the final ordering. Thus, the system not only facilitates the selection but 
also, in a way, incentivizes candidates to provide more complete and realistic self-representation. All 
in all, the proposed ordering turns the matching problem from one-dimensional score-based 
matching into a decision process that considers constraints, requirements, context, and high-
dimensional semantic signals. The ordering makes the system more explainable and controllable and 
better aligns with the needs of recruitment governance. The system will enable managers to better 
handle complexity and candidates to better understand how different dimensions of their profiles 
contribute to their employability (Raghavan et al., 2020; Mehrabi et al., 2021). 

16. Limitations and Future Research Directions of the Multi-KPI Matching 
Framework 

Despite the methodological and practical advantages of the proposed method of defining the 
multi-KPI framework, several limitations should be mentioned and may serve as guidelines for 
further study. First and foremost, the dataset’s scope and composition may be seen as one of the 
limitations. Although using real-world job postings and CVs with considerable variability in terms 
of diversity and writing style may be seen as advantageous, the evaluation of the proposed method’s 
effectiveness is still limited to one professional domain and one medium-sized dataset. Although this 
may be seen as advantageous in terms of ensuring greater internal consistency and control over the 
experiment’s conditions, the evaluation of the proposed method’s transferability to other domains 
remains questionable. As discussed in recent surveys of e-recruitment systems (Mashayekhi et al., 
2024), one of the most important issues facing any e-recruitment system is its transferability from one 
domain to another. The patterns of system performance may not necessarily transfer from one 
domain to another. Domains such as the healthcare industry, manufacturing, and creative fields may 
have different patterns of skill representation, soft skills, and/or contractual conditions that may affect 
the system’s relative effectiveness in terms of the proposed KPIs. Another important issue that may 
be seen as one of the limitations of the proposed method and framework is the quality and structure 
of the input data. Indeed, the proposed framework may assume that the job postings and CVs will 
have considerable textual content. However, as discussed in our recent study on semantic analysis 
and named entity recognition in recruitment (Ifakir et al., 2025), the quality of the extracted 
information may depend on the clarity and quality of the input. Although the proposed multi-KPI 
framework may alleviate some of these problems by using the weighted average of the indicators, 
the quality of the output still depends on the quality of the input. A third limitation pertains to the 
frameworkʹs reliance on existing vocabularies and heuristics for the derivation of some of the KPIs, 
such as HSCR and SGI. Although the use of vocabularies and heuristics is beneficial for transparency 
and auditability, there is a possibility that some of the vocabularies and heuristics might not be 
effective for new technologies and skills, which could lead to a lack of inclusion of some candidatesʹ 
skills. This is a limitation that has also been discussed in systematic reviews on algorithmic HR 
decision-making systems (Köchling & Wehner, 2020). A fourth limitation pertains to the semantic 
models used for the derivation of embedding-based KPIs. Although multilingual transformers have 
the potential for providing a general-purpose solution, it is possible that such a solution might not be 
fine-tuned for a specific application, such as a recruitment application. This is a limitation that has 
also been discussed in recent deep learning research on resume-job matching (Li et al., 2025). 
Moreover, the use of embeddings does not inherently incorporate logical relationships, which 
necessitates the use of rule-based indicators. This also supports the argument that the frameworkʹs 
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use of semantic alignment is not absolute for determining suitability. This limitation also supports 
the argument that a more formalized strategy for optimizing the different indicators for a final 
decision is not provided by the framework. Although the framework has emphasized the use of a 
staged approach for orchestration, the final decision still relies on human judgment or policy with 
regard to the different indicators. This limitation has also been discussed in the literature on 
algorithmic hiring governance (Sánchez-Monedero et al., 2020). Lastly, the issue of fairness, biases, 
and ethics is another significant limitation of the framework. Although the multi-KPI framework 
improves the overall level of transparency and auditability, as opposed to the monolithic black-box 
approach, fairness, biases, and ethics are not guaranteed in the framework’s design. Biases, if 
incorporated during the data, language models, or even the definition of the constraints and criteria, 
may still influence the final ranking results. It is an established fact that algorithmic hiring tools, if 
not adequately evaluated, may result in the perpetuation of biases and inequalities among different 
types of profiles, including non-traditional ones, as emphasized in the recent study of algorithmic 
hiring tools (Raghavan et al., 2020; Mehrabi et al., 2021). To summarize, although the framework 
successfully proves the viability of the overall benefits of the multidimensional, interpretable-based 
approach to job-candidate matching, its limited scope, dependency on the quality of the provided 
data, vocabularies, and language models, as well as the lack of formalization of the decision 
aggregation layer, are significant limitations that need to be addressed in future work. 

17. Conclusions 

In this study, the multi-KPI approach is proposed and empirically tested as a framework for job 
candidate matching, recasting the recruitment process as a multi-dimensional, interpretable, and 
governance-conscious decision support task instead of an optimization problem with a single 
performance measure. The experiments carried out on a realistic corpus of heterogeneous job offers 
and candidate CVs show that semantic matching using embedded representations offers a solid and 
scalable approach that can produce well-structured shortlists of relevant candidates even in 
multilingual and stylistically varied environments. At the same time, the study also reveals that 
semantic similarity is not sufficient on its own to fully capture the richness of recruitment decisions 
since it does not take into account mandatory requirements, skill gaps, behavioral indicators, 
organizational context, or operational requirements. The main contributions of this study are the 
empirical demonstrations of how different KPIs vary systematically in terms of score distributions, 
ranking separation, or candidate concentration, showing how these differences can be used to build 
a multi-stage and functionally differentiated decision support process. The coverage- or gap-based 
KPIs HSCR and SGI are shown to be useful for imposing hard technical requirements or highlighting 
skill gaps for the purposes of selective or developmental recruitment strategies. The embedding-
based KPIs HSPS and SSSA are shown to be useful for providing continuous measures of technical 
or behavioral proximity between the candidate pool and the ideal candidate profile, thus facilitating 
fine-grained ranking of technically admissible candidates. The evidence-based KPI SSED is shown to 
be an important discriminator that can shift the recruitment process from declared competencies to 
observable behavior, thus greatly improving the robustness of soft skill evaluation. Finally, the 
contextual/contractual KPIs CTFS, CCS, LMFI, and SCA are shown to be useful for imposing hard or 
soft requirements that can filter the candidate pool while keeping the recommendations 
organizationally relevant. From a practical perspective, this framework provides a clear way to 
combine hard skills, soft skills, and context constraints within a single framework. Rather than forcing 
heterogeneous signals into a monolithic, uninterpretable score, this system maintains the semantic 
and decision-theoretic integrity of each signal while enabling their orchestration in a transparent, 
controllable, and auditable way. This directly addresses a major limitation of many existing AI-based 
recruitment frameworks, which often require a compromise on explainability, control, and 
compliance in favor of predictive power. In contrast, the multi-KPI framework presented in this work 
demonstrates that scalability, semantic robustness, explainability, constraint control, and human-in-
the-loop decision-making can coexist. The originality of this work does not consist in the proposal of 
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a new matching algorithm, but rather in the decomposition of the concept of “fit” into a coherent set 
of complementary, interpretable KPIs, and their integration within a unified framework for analysis. 
This shift in methodology also shifts the perspective on job-candidate matching from a 
predictive/retrieval framework to a multi-criteria decision support framework, which is closer to real-
world practices and compliance. The modularity of this architecture also makes it more relevant to 
practical needs, as it allows for the integration of new dimensions of fit, new constraints, or new 
indicators without requiring a complete redesign of the system. With regard to innovation, the 
framework shows how specific, rule-based measures, continuous semantic similarities, and evidence 
density indicators can all be integrated in one single pipeline, with each one offering a different, 
theoretically grounded perspective on the question of compatibility. Empirical analysis of the ranking 
structures and score distributions shows that these indicators are not redundant, but offer different, 
complementary views of the matching process. This, in turn, supports the overall claim of the paper: 
that to support recruitment decisions, we need not better scores, but better decision processes. 
Overall, the study contributes to the field of AI-based recruitment by providing conceptual and 
empirical evidence of how multi-dimensional, explainable, and governance-aware matching systems 
can be developed in practice. The proposed approach provides the foundation for further 
development toward more accountable, human-centric, and policy-aligned decision support systems 
for matching in the labor market. 
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