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Abstract 

This article proposes an interpretable, multi-layered recruitment model that balances predictive 
performance with decision transparency in AI-supported HR processes, addressing risks related to 
opacity, auditability, and ethically sensitive decision-making. The architecture combines an expert 
rule layer for minimum-threshold screening, an unsupervised clustering layer to structure candidate 
profiles and generate pseudo-labels, and a supervised classification layer trained and evaluated via 
repeated k-fold cross-validation. Model behavior is explained using SHAP to identify feature 
contributions to cluster assignment, and cluster quality is additionally diagnosed using Necessary 
Condition Analysis (NCA) to assess minimum competency requirements for attaining a target overall 
quality level. The approach is illustrated in a Data Scientist recruitment case study, where centroid-
based clustering predominates (K-Means is most frequently selected), while linear classifiers show 
the highest effectiveness and stability (logistic regression performs best). SHAP highlights 
competencies that differentiate candidates beyond the initial threshold, and NCA further 
distinguishes candidates within the recommended cluster by identifying profiles that meet (or fail) 
the necessary-condition bottleneck. The proposed framework is replicable and supports transparent, 
auditable recruitment decisions. 

Keywords: machine learning; Explainable Artificial Intelligence; human resources management; 
ethics in HRM; recruitment 
 

1. Introduction 

The rapid development of artificial intelligence has made machine learning-based tools an 
integral part of human resource management processes-particularly recruitment. Organizations are 
increasingly using algorithms for automatic application filtering, candidate profiling, and predicting 
job fit, which helps reduce costs and shorten time-to-hire. At the same time, risks associated with 
model opacity, the potential reinforcement of biases encoded in historical data, and the need to align 
AI systems with regulatory requirements-such as the EU’s AI Act-are becoming more pronounced. 
In this context, solutions that combine high predictive performance with the ability to explain and 
audit algorithmic decisions gain crucial importance. Despite the growing body of research on AI 
applications in HR, there remains a lack of comprehensive, formally described recruitment 
architectures that integrate expert knowledge, unsupervised data structuring methods, supervised 
classification models, and Explainable AI techniques, while also subjecting the results to additional 
validation through Necessary Condition Analysis (NCA). The aim of this article is to address this gap 
by proposing a multi-layered, interpretable recruitment model based on XAI methods and clustering 
validated using NCA. The following sections provide a literature review on AI applications in HR 
and related ethical challenges, present the formal structure of the proposed model, and illustrate its 
functioning through a case study on recruitment for a Data Scientist position. The article concludes 
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with a summary discussing the theoretical contribution, practical implications, limitations of the 
approach, and directions for future research. 

2. Literature Review 

Artificial intelligence (AI) plays an increasingly significant role in human resource management 
(HRM), transforming the processes of recruitment, selection, and employee development [1]. As early 
as the 1980s, the first computer-based tools supporting recruitment emerged-rule-based applicant 
tracking systems (ATS) designed to manage the influx of candidate resumes [2]. In the following 
decades, technological progress accelerated: in the 1990s, the digitization of HR data and the advent 
of the internet enabled the creation of candidate databases, while the early 2000s saw the emergence 
of professional networking platforms (e.g., LinkedIn) and more advanced ATS capable of filtering 
applications based on keywords. Simultaneously, the first recruitment chatbots were introduced, 
automating communication with candidates. However, concerns were already being raised at that 
time-algorithms trained on historical data could reinforce existing biases and unfairness in the 
recruitment process [3]. Since around 2015, there has been a sharp increase in the use of machine 
learning and deep learning in HR [4,5]. AI has evolved from a tool for administrative support into a 
strategic component of personnel decision-making. 

Recruitment today employs intelligent talent search systems that scan the internet and CV 
databases for suitable candidates, initial screening using AI (e.g., job interviews conducted by 
chatbots), and even controversial analyses of speech, facial expressions, and behavior in video 
interview recordings [6]. In the areas of employee development and retention, predictive algorithms 
are used, such as models forecasting employee attrition risk (supporting retention efforts) and 
systems recommending career paths and training tailored to an employee’s profile [7]. AI also 
supports the monitoring of compliance and procedural adherence in HR. These tools provide HR 
departments with vast amounts of data and insights, enabling more informed, data-driven personnel 
decisions. Consequently, the HR function has evolved from a purely administrative role to a strategic 
partner supporting business goals [8]. 

Surveys indicate a growing adoption of AI-globally, nearly half of organizations report already 
using AI tools in HR functions [9], and most of the remainder plan to implement them in the near 
future. AI enables companies to automate tedious administrative tasks, accelerate candidate 
screening (algorithms can filter hundreds of resumes in a fraction of the time it takes a human), and 
reduce recruitment costs [9]. For example, it is estimated that the use of AI in recruitment can lower 
hiring costs by up to ~30% and shorten time-to-hire by 50% [9]. As a result, AI has become a key 
driver of HR transformation, ushering in the era of data-driven recruitment [10]. 

Despite its undeniable benefits, the use of AI in HRM raises significant ethical challenges. The 
most serious of these is the risk of bias and discrimination. Algorithms trained on historical HR data 
can unknowingly adopt and reinforce the biases present in those data-if, for instance, a certain group 
of candidates was favored in the past, the system may begin to replicate these preferences 
automatically [11,12]. A well-known example is Amazon’s 2018 case, where an internal AI system for 
resume evaluation learned to reject female candidates. The model, trained on resumes historically 
submitted to the company (which were predominantly from men), identified female gender as a 
factor lowering candidate quality-penalizing occurrences of the word "women’s" (e.g., “women’s 
chess club”) in resumes and downgrading graduates of women’s colleges [13]. Despite efforts to 
correct the algorithm, it found alternative ways to replicate the bias, ultimately leading to the project's 
abandonment. This case highlights how an opaque AI model can discriminate against a specific 
group and how difficult it is to detect and eliminate such behavior without appropriate explainability 
mechanisms. Unfortunately, gender is only one of many potential sources of bias-others include age, 
ethnicity, and disability-which an uncontrolled AI may begin to treat as selection criteria if they 
correlate with success in historical recruitment data. 

Accountability and human oversight of decisions is a crucial ethical aspect of using AI in HR. 
Critics argue that key decisions affecting people’s lives-such as hiring or rejecting a candidate-should 
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not be left solely to machines, particularly since algorithms lack human empathy and situational 
context [14]. Philosophers in the field of technology ethics contend that AI is incapable of reflecting 
the social values and intuition necessary in evaluating employees [14]. There have been instances 
where systems recommended unsuitable candidates due to errors or limitations in training data [15]. 
For this reason, the principle of “human-in-the-loop” is being introduced-ensuring human 
supervision over critical decisions and the ability to verify and correct AI recommendations [16]. 

The European Union has developed the Artificial Intelligence Act (AI Act), which classifies AI 
systems used in employment as high-risk. This will entail, among other things, requirements for 
transparency, documentation, impact assessments regarding individuals’ rights, and human 
oversight of final decisions [17]. Non-compliance with these regulations may result in severe 
penalties-in the EU, fines of up to 6–7% of a company’s global turnover are planned [18]. This 
regulatory trend clearly indicates that the social acceptance of AI in HR will depend on meeting 
ethical requirements-algorithms must operate transparently, fairly, and with respect for candidates’ 
rights, or their use may be legally restricted. 

In light of the above challenges, the interpretability of AI models used in HRM becomes crucial. 
Interpretability refers to a model’s ability to present its functioning in a form understandable to 
humans-allowing one to trace why a particular decision was made [19]. This concept is closely tied 
to the field of XAI (Explainable Artificial Intelligence), a set of methods that make it possible to 
explain the behavior of even complex, black-box algorithms. The goal of XAI is to provide users with 
clear and detailed justifications for AI-driven decisions [20]. For example, in a recruitment context, 
candidates rejected by an AI system may want to know which specific aspects of their resume led to 
the negative outcome-so they can assess whether the process was fair and understand what to 
improve in future applications. Likewise, HR managers relying on AI recommendations should be 
able to understand on what basis the algorithm deemed a candidate suitable for a position-this 
increases trust in the system and helps detect potential errors or biases. 

The application of XAI in HR practice brings tangible benefits. First, it increases trust in AI 
systems. When a recruiter or manager receives a recommendation from an algorithm (e.g., a top 5 list 
of candidates for a position), the ability to view the justification-such as candidate A being 
highlighted due to strong alignment with competencies X and Y, and candidate B having excellent 
experience in industry Z-makes it easier to trust the recommendation or consciously challenge it. 
Research has shown that explanations of AI decisions improve acceptance and understanding among 
business users [21]. Second, transparency enhances candidates’ perception of fairness in the process. 
When applicants have access to justifications (e.g., in the form of feedback: “Your application was 
rejected because you lack required experience in technology X”), they perceive the recruitment 
process as more just and are more likely to accept the outcome-even if it is negative for them. Third, 
XAI enables the identification and correction of biases. By analyzing explanations across many 
decisions, one can detect systematic undesirable patterns-for example, if a model consistently rates 
candidates from a particular group lower, the explanations will reveal which features lead to this 
outcome. This allows engineers and HR specialists to intervene (e.g., by removing or adjusting the 
influence of a given feature, or retraining the dataset) to improve the model’s fairness. In this way, 
interpretability becomes a tool for ensuring ethical AI behavior-producing models that are more 
resistant to bias and aligned with the principle of equal treatment of candidates. 

A review of the literature reveals that research on the application of AI in HRM tends to focus 
primarily on two relatively separate areas: first, on developing increasingly effective predictive 
models to support recruitment decisions, and second, on identifying ethical risks, biases, and general 
calls for algorithmic transparency. While studies on XAI in HR are emerging, along with isolated 
case-based examples illustrating the functioning of specific explainability techniques, these typically 
address a single layer of the model (e.g., classifier explanation) and are not embedded in a coherent, 
multi-module recruitment architecture. At the same time, the approach based on Necessary 
Condition Analysis (NCA) remains relatively rare in HRM literature and is mostly used in strictly 
theoretical research rather than as an integral part of validating algorithmic selection systems. 
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There is therefore a lack of models that combine: (1) an exploratory layer for unsupervised 
candidate structuring, (2) an operational layer of supervised classification, (3) a feature-level 
explainability layer, and (4) a quality validation layer from the perspective of necessary conditions-
while also being formally described and replicable in recruitment practice. This article addresses that 
gap by proposing a multi-layered, fully formalized recruitment model that integrates XAI methods 
(SHAP) with clustering and NCA. The model ensures both high predictive accuracy and transparent, 
auditable, and regulation-compliant interpretation of candidate-related decisions. 

3. Materials and Methods 

The complexity of recruitment processes-which involve multidimensional relationships 
between competencies, experience, and cultural fit-requires modeling approaches similar to those 
used in socio-economic systems characterized by high levels of uncertainty [22]. In this context, the 
proposed recruitment model is based on a multi-layered analytical architecture integrating expert 
rules, unsupervised learning methods, supervised classification models, and Explainable AI (XAI) 
techniques. The recruitment model is designed to simultaneously ensure high predictive 
performance and full interpretability of decisions. The developed model can be represented as a 
procedure consisting of five steps. 

Step 1. Developing a Set of Evaluation Criteria for Candidate Application Forms 
In this step, the recruiter must define the criteria for evaluating candidates for a specific job 

position. The nature of these criteria is flexible in the sense that candidate responses may take the 
form of both quantitative and qualitative variables, and may be expressed on either continuous or 
discrete scales. 

Step 2. Defining Minimum Thresholds for Evaluation Criteria Enabling Interview Invitation 
(Rule-Based Layer – Preliminary Filtering) 

Step 2 reflects the expert requirements of the recruiter in the form of a set of deterministic rules. 
Each candidate is evaluated against the minimum criteria necessary to perform the given professional 
role. Candidates who do not meet even one mandatory condition are automatically assigned to the 
rejected class (red cluster). The rule layer can be described by the following mathematical structure: 

Let (1): 𝐱௜ = (𝑥௜ଵ, 𝑥௜ଶ, … , 𝑥௜ௗ) ∈ ℝௗ (1)

denote the feature vector of candidate i, and let  ℛ = {𝑟ଵ, 𝑟ଶ, … , 𝑟௞} (2)

be the set of necessary rules defined by the domain expert (2). 
Each rule takes the form (3): 𝑟௝(𝐱௜) = ቄ1 if condition 𝑗 is satisfied,0 otherwise

 (3)

A candidate is admitted to further analysis if (4): 

ෑ𝑟௝(𝐱௜) = 1௞
௝ୀଵ  (4)

Otherwise, the candidate is classified into class 𝑦௜ = 0 ("rejected candidate"). 
The set of data proceeding to the next layer can be denoted as (5): 

𝒳(ଵ) = {𝐱௜:ෑ𝑟௝(𝐱௜) = 1௞
௝ୀଵ }. (5)

Candidates who meet the requirements proceed to the next layer. This stage is responsible for 
reducing the problem space and ensuring the model's compliance with expert domain knowledge. 

Step 3. Implementation of the Machine Learning Process (Second and Third Layer) 
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In this step, machine learning algorithms are applied to the subset of candidates who meet the 
minimum rule-based requirements. The purpose of this application is to assign candidates to one of 
two clusters: the green cluster (invited to interview) and the yellow cluster (reserve candidates). To 
ensure a reliable assessment of model performance and to limit the impact of random data 
partitioning on results, it is proposed to use the Repeated K-Fold Cross-Validation procedure. This 
method involves repeatedly and randomly applying the standard k-fold cross-validation [23]. For 
instance, a configuration of 𝑘 = 10 (ten folds) and 𝑛 = 10 repetitions may be used, which results in a 
total of 100 independent validation iterations. The cross-validation procedure consists of the 
following stages: 

Stage 1. Random Data Partitioning (First Level – “Folds”) 
For each validation repetition: 

1. The full dataset is randomly permuted. 
2. The data is then divided into, for example, ten mutually disjoint and equally sized subsets. 
3. In each of the ten iterations, one subset serves as the validation set, while the remaining nine 

form the training set. 

In this way, ten folds are obtained within a single repetition. 
Stage 2. Repetition of the Procedure (Second Level – “Repeats”) 
The process described in Stage 1 is repeated, e.g., ten times, each time initializing a new random 

permutation of the dataset. These repetitions are intended to ensure that: 

• each element of the dataset appears in the validation set multiple times, 
• variability resulting from random data partitioning is significantly reduced, 
• model performance estimates are more stable and reliable. 

As a result of carrying out Stages 2 and 3, a total of 100 distinct training-validation configurations 
are obtained. 

Stage 3. Data Scaling Within Folds 
To avoid information leakage, feature normalization must be performed exclusively on the 

training set of each fold: 

1. The training set can be scaled using methods such as Standard Scaling or Min-Max Scaling. 
2. The scaler parameters are then applied to transform the validation set. 

This ensures that the validation process adheres fully to the principles of a fair experiment. 
Stage 4. Clustering Within the Fold and Selection of the Best Algorithm 
Within each fold, on the normalized training set, the following is performed: 

1. Independent fitting of unsupervised clustering algorithms, such as: 

• K-Means, 
• Gaussian Mixture Model, 
• Agglomerative Clustering. 

The K-Means algorithm is one of the most commonly used unsupervised clustering methods, 
aimed at partitioning a set of observations into 𝐾 disjoint clusters by minimizing within-cluster 
variance [24]. Each cluster is represented by a centroid, which is the arithmetic mean of the points 
assigned to it. The algorithm operates iteratively, alternately assigning observations to the nearest 
centroid and updating the centroids’ positions until convergence is achieved. The objective function 
of K-Means takes the form (6): 

min஼భ,…,஼ೖ෍ ෍ ‖𝑥௜ − 𝜇௞‖ଶ௫೔∈஼ೖ
௄
௞ୀଵ  (6)

where 𝐶௞ denotes the set of observations in cluster 𝑘, and 𝜇௞ is the centroid vector of that cluster. 
The Gaussian Mixture Model, on the other hand, is a probabilistic approach to clustering, in 

which it is assumed that the data originate from a mixture of 𝐾 multivariate normal distributions. 
Unlike K-Means, GMM allows for soft assignment of observations to clusters by estimating 
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membership probabilities [25]. The model parameters (means, covariance matrices, and component 
weights) are typically estimated using the EM (Expectation–Maximization) algorithm. The mixture 
density function takes the form (7): 

𝑝(𝑥௜) = ෍𝜋௞𝒩(𝑥௜|𝜇௞,Σ௞)௄
௞ୀଵ  (7)

where 𝜋௞denotes the weight of the 𝑘-th component (∑ 𝜋௞௞ = 1), and 𝒩(⋅)is the normal distribution 
with mean 𝜇௞and covariance matrix Σ௞. 

Agglomerative Clustering, in turn, is a bottom-up hierarchical clustering method in which each 
observation is initially treated as a separate cluster. Then, in subsequent iterations, the most similar 
clusters are merged until a predefined number of clusters is reached or a complete hierarchy in the 
form of a dendrogram is obtained. A key component of the algorithm is the definition of the distance 
measure between clusters (the so-called linkage), such as single, complete, or average linkage [26]. 
For example, in the case of average linkage, the distance between two clusters A and B is defined as 
(8): 𝑑(𝐴,𝐵) = 1|𝐴||𝐵| ෍ ෍ฮ𝑥௜ − 𝑥௝ฮ௫ೕ∈஻௫೔∈஺  (8)

1. For each algorithm, cluster labels are generated only for the training data. 
2. Based on these labels, the silhouette coefficient is calculated (also only on the training data). 
3. The algorithm with the highest silhouette value is selected as the optimal clustering method for 

the given fold. 

As a result, different folds could employ different unsupervised algorithms, depending on their 
local fit quality. 

Stage 5. Generating pseudo-labels for the validation set 
The selected clustering algorithm is then used to assign pseudo-labels to the validation set 

(classification into two clusters): 

• if the algorithm had a prediction mechanism (e.g., K-Means, GMM), its .predict() method was 
used; 

• pseudo-labels using the Agglomerative algorithm were determined based on the nearest 
centroid of the clusters formed in the training set. 

In this way, consistent mapping of clusters to validation data was ensured without using any 
information from outside the fold. 

Stage 6. Training and Evaluation of Supervised Classifiers 
For each iteration: 

1. Supervised classification models are trained on: 

• normalized training data, 
• pseudo-labels obtained from clustering. 

2. The models are then evaluated on the validation set, using the pseudo-labels assigned to the test 
data of the fold. 

In the proposed model, it is suggested to employ supervised learning models such as the Naive 
Bayes classifier, Support Vector Machines (both linear and nonlinear), Decision Trees, the k-NN 
algorithm, Logistic Regression, Random Forest, and Gradient Boosting. 

The Naive Bayes classifier is a probabilistic classification model based on Bayes' theorem and 
the assumption of conditional independence of features with respect to the decision class. Despite 
this strong simplifying assumption, the algorithm often achieves high performance, especially in 
tasks involving a large number of features and a limited number of observations [27]. In the 
recruitment context, it enables fast and interpretable estimation of the probability that a candidate 
belongs to a given decision class. The decision rule takes the form (9): 
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𝑦ො = argmax௬∈𝒴 𝑃(𝑦)ෑ𝑃(𝑥௝|𝑦)ௗ
௝ୀଵ  (9)

Support Vector Machines, on the other hand, are classification methods based on the concept of 
maximizing the margin between classes [28]. In the linear case, SVM determines a decision 
hyperplane in the feature space, whereas the nonlinear variant employs a kernel function (the kernel 
trick), allowing for data separation in a higher-dimensional space. SVM is characterized by high 
robustness to overfitting and strong performance in high-dimensional spaces. The optimization 
problem for SVM takes the form (10): 

min௪,௕,క 12 ‖𝑤‖ଶ + 𝐶෍𝜉௜௡
௜ୀଵ  (10)

subject to the constraints (11): 𝑦௜(𝑤்𝑥௜ + 𝑏) ≥ 1 − 𝜉௜ , 𝜉௜ ≥ 0 (11)

Decision Trees are classification models based on recursively partitioning the feature space 
according to if–then rules. Each node of the tree represents a decision based on the value of a single 
feature, and the leaves correspond to decision classes [29]. These models are highly interpretable, 
which makes them particularly useful in regulated contexts such as recruitment. A typical splitting 
criterion is the minimization of impurity (e.g., the Gini index) (12): 

𝐺(𝑡) = 1 −෍𝑝௞ଶ௄
௞ୀଵ  (12)

where 𝑝௞ denotes the proportion of class 𝑘 in node 𝑡. 
The kNN algorithm, in turn, is a non-parametric classification method based on the assumption 

that observations similar to each other in the feature space belong to the same class [30]. The 
classification decision for a new observation is made based on the classes of the k nearest neighbors 
in the training set, using a selected distance metric. The decision rule is given by (13): 𝑦ො = mode{𝑦௜: 𝑥௜ ∈ 𝒩௞(𝑥)} (13)

where 𝒩௞(𝑥) denotes the set of k nearest neighbors of observation 𝑥. 
Logistic regression is a linear probabilistic model used for binary classification, which models 

the probability of belonging to the positive class using the logistic function [31]. Despite its simple 
structure, this model offers high interpretability of coefficients and stability of estimation, which 
makes it a commonly used benchmark in comparative analyses. The prediction function is given by 
(14): 𝑃(𝑦 = 1|𝑥) = 11 + 𝑒ି(ఉబାఉ೅௫) (14)

Random Forest is an ensemble machine learning algorithm that combines the predictions of 
multiple decision trees trained on random subsamples of the data and random subsets of features. 
This mechanism reduces model variance and improves its generalization ability [32]. Additionally, 
Random Forest allows for the estimation of feature importance, which is crucial from the 
interpretability perspective. The prediction of the tree ensemble is given by (15): 𝑦ො = mode{ℎଵ(𝑥),ℎଶ(𝑥), … ,ℎெ(𝑥)} (15)

where ℎ௠(𝑥) denotes the prediction of the 𝑚-th tree. 
Gradient Boosting is an ensemble method based on the sequential training of weak models (most 

often decision trees), where each subsequent model corrects the errors made by the previous ones 
[33]. The training process is carried out by minimizing the loss function using the gradient method 
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in the function space. This algorithm is characterized by high predictive performance, especially in 
complex classification problems. The general form of the model is given by (16): 

𝐹ெ(𝑥) = ෍ 𝛾௠ℎ௠(𝑥)ெ
௠ୀଵ  (16)

where ℎ௠(𝑥)denotes a weak classifier, and 𝛾௠ is its weight determined during the optimization 
process. 

Stage 7. Result Aggregation 
After completing 100 folds: 

• for each classification model, the mean and standard deviation of accuracy are calculated, 
• the frequency of each clustering algorithm being selected as the “best” in a given fold is 

analyzed, 
• final clustering is performed on the full dataset using the globally selected best algorithm. 

The models should be evaluated using standard performance metrics such as accuracy, 
precision, recall, and F1-score. The model selected should demonstrate the highest predictive stability 
and generalization capability. This layer constitutes the operational component of the system-it 
performs real-time classification for new candidates. 

Step 4. Analysis of the Influence of Individual Features on Cluster Assignment (XAI Layer) 
This step investigates which variables have a significant impact on assigning candidates to 

clusters. The goal of the XAI layer is to ensure transparency and interpretability of the decision-
making process during recruitment. This is particularly important as candidate selection also carries 
ethical and legal implications. To assess the impact of individual features on cluster assignment, the 
SHAP method is proposed. It is based on Shapley values from cooperative game theory. The SHAP 
value describes the contribution of a given feature to the prediction by averaging its marginal 
contribution across all possible combinations of the remaining features. The Shapley value for feature 
i in this method is computed using formula (17). 𝜙ᵢ = ෍ |𝑆|! ∙ (|𝐹| − |𝑆| − 1)!|𝐹|! [𝑓ௌ∪{௜}൫𝑥ௌ∪{௜}൯ − 𝑓ௌ(𝑥ௌ)]ௌ⊆ி\{௜}  (17)

where: 

• 𝜙ᵢ - SHAP value for feature i 
• 𝐹 - the set of all features 
• 𝑆 - a subset of features not containing feature i 
• |𝑆| - the number of elements in set S 
• |𝐹| - the total number of features 
• 𝑓ௌ(𝑥ௌ) - the model prediction using only the features in set S 
• 𝑓ௌ∪{௜}൫𝑥ௌ∪{௜}൯ − 𝑓ௌ(𝑥ௌ) - the model prediction using the features in set S plus feature i 
• 𝑥ௌ - values of the features in set S 

SHAP is considered one of the most reliable and theoretically grounded methods for explaining 
machine learning models [34]. Through the integration of interpretable XAI methods, the model 
remains transparent, compliant with AI ethics principles, and enables decision auditability. 

Step 5. Validation of the Obtained Clusters Using the Necessity Condition Analysis (NCA) 
Method 

As a result of the subsequent steps of the model, candidates have been classified, particularly 
into the green and yellow groups. Such clustering allows us to conclude that candidates in the green 
cluster are better than those in the yellow cluster. However, it cannot be ruled out that both clusters 
are weak (below the recruiter's expectations) or that both are strong (above expectations). To provide 
the recruiter with comprehensive information on cluster quality, an additional validation step is 
required.The developed model proposes using the NCA method for this validation. Necessary 
Condition Analysis (NCA) is a method for identifying so-called necessary conditions for achieving a 
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certain level of outcome [35]. Unlike traditional correlational and regression methods, which assess 
average effects (“the more X, the more Y on average”), NCA focuses on the logical necessity 
relationship-that is, it checks whether the absence of a certain level of X prevents achieving a high 
level of Y. Formally, X is a necessary condition for Y if high values of Y occur only when X exceeds a 
certain minimum threshold 𝑥∗. One of the practical algorithms used in NCA is CE–FDH (Ceiling 
Envelopment – Free Disposal Hull) [35]. This method constructs a so-called ceiling line over the cloud 
of points (𝑥௜ ,𝑦௜), representing observations. For the increasing ordered values of 𝑥, it computes the 
maximum value of yachieved so far (18): ceiling(𝑥௜) = max௝ஸ௜ (𝑦௜) (18)

In this way, a monotonic curve is formed, representing the upper boundary of the observed 
outcomes. Then, for a given target level 𝑦target, the so-called bottleneck point 𝑥∗is calculated-this is 
the smallest value of variable X for which the “ceiling” exceeds the level 𝑦target(19). 𝑥∗ = min {𝑥௜: ceiling(𝑥௜) ≥ 𝑦target} (19)

Interpretatively, 𝑥∗ represents the minimum level of the necessary condition that must be met 
in order to achieve the desired outcome 𝑦target. When applied to candidate evaluation, this method 
enables the identification of the minimum competence threshold (X) required to attain a satisfactory 
level of overall quality (Y). As a result, beyond merely classifying candidates into clusters 
("Green"/"Yellow"), it becomes possible to further differentiate them into four categories, e.g., Green 
Above, Green Below, Yellow Above, Yellow Below-depending on whether they meet the necessary 
condition determined by the NCA analysis. 

4. Results 

To evaluate the proposed model, a case study was conducted in which potential candidates for 
the position of Data Scientist completed a prepared application form. This form was developed by a 
Human Resource Management expert and reflects the key areas of knowledge and skills required for 
the specified position. The questionnaire was published on November 17, 2025, and data collection 
was concluded on November 24, 2025. It should be emphasized that the dataset used serves an 
illustrative purpose-its goal is to demonstrate the practical operation of the model and the interaction 
between subsequent layers of the algorithm, rather than to assess the model's effectiveness in terms 
of general, multi-contextual validation. Thus, the collected data enables the demonstration of the 
model's architecture and the rationale behind decision-making, in accordance with the concept 
presented in the Methods section. 

Step 1. Development of Evaluation Criteria for Candidate Application Forms 
Table 1 presents the evaluation criteria proposed by the recruiter for the Data Scientist position, 

along with the corresponding rating scales. 

Table 1. Structure of the Application Form for the Data Scientist Position. 

No Criterion Criterion Evaluation Scale 

f1 Education primary secondary post-secondary 
higher 
(bachelor/engineer) 

higher 
(master's) 

PhD or 
higher 

f2 
Completion of a degree program related to Data Science (Data Science, Computer Science, Artificial 
Intelligence, Mathematics) 

yes no 

f3 Experience in Data Science or related fields 
Number 
of years 

f4 Total professional experience 
Number 
of years 

f5 Knowledge of Python 1 2 3 4 5 
f6 Knowledge of R 1 2 3 4 5 
f7 Knowledge of SQL 1 2 3 4 5 

f8 
Knowledge of NoSQL databases (MongoDB, 
Cassandra) 
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f9 
Knowledge of ML tools (scikit-learn, TensorFlow, 
Pytorch) 

1 2 3 4 5 

f10 Knowledge of statistics 1 2 3 4 5 
f11 Dashboard creation skills (PowerBi, Tableau) 1 2 3 4 5 
f12 Knowledge of Big Data technologies (Spark, Hadoop) 1 2 3 4 5 
f13 Knowledge of cloud tools (AWS, Azure) 1 2 3 4 5 
f14 Knowledge of machine learning algorithms 1 2 3 4 5 
f15 English language proficiency 1 2 3 4 5 
f16 Knowledge of version control systems (e.g. GIT) 1 2 3 4 5 

f17 
Knowledge of MLOps/CI-CD (Mlflow, Docker, 
Airflow) 

1 2 3 4 5 

f18 Published scientific articles yes no 

As a result of the recruitment process, 163 candidates applied and completed the described form. 

Step 2. Determining the minimum values for each evaluation criterion by the recruiter to allow 
an invitation to a job interview (rule layer – preliminary filtering) 

In the second step, the recruiter formulated a list of minimum required values for each field in 
the completed form. This list is presented in Table 2. 

Table 2. List of minimum required values for individual evaluation criteria in the recruitment for the position 
of Data Scientist. 

Criterion f1 f2 f3 f4 f5 f6 f7 f8 f9 
Minimum value Higher (bachelor/engineer) YES 2 years 2 years 3 1 2 1 2 

Criterion f10 f11 f12 f13 f14 f15 f16 f17 f18 
Minimum value 3 1 1 1 2 2 2 1 YES 

It turned out that 77 candidates did not meet the minimum requirements specified by the 
recruiter for the Data Scientist position. This means that these candidates are classified into the red 
cluster, which will not be invited to a job interview. The remaining candidates proceed to the next 
stages of the developed model procedure. 

Step 3. Implementation of the machine learning process (second and third layer) 
As part of this step, an unsupervised machine learning process was carried out using cross-

validation (10 folds and 10 repetitions) for the following algorithms: K-Means, Gaussian Mixture 
Model, and Agglomerative Clustering. The purpose of this step was to assign pseudo-labels to the 
candidates in the training sets into two clusters (green and yellow). For each fold, labels were 
generated using the three mentioned algorithms, and based on the silhouette coefficient (calculated 
only for the training data), the cluster indicated by the most effective algorithm was selected. 
Naturally, in different iterations, different unsupervised learning algorithms turned out to be the 
most effective. The distribution of algorithm selection results is presented in Table 3. 

Table 3. Distribution of unsupervised learning algorithm selection results. 

Algorithm Number of iterations in which the algorithm was the most effective 
based on the silhouette coefficient 

K-Means 96 
Gaussian Mixture Model 4 
Agglomerative Clustering 0 

The presented results clearly indicate that the K-Means algorithm was the most effective in the 
vast majority of validation iterations-achieving the highest silhouette score in 96 out of 100 
configurations. The Gaussian Mixture Model proved to be the best in only 4 iterations, while 
Agglomerative Clustering was not selected even once as the optimal method. Such a clear dominance 
of K-Means suggests that the structure of the candidate data is best represented by a centroid-based 
approach, and the feature space forms relatively distinct, spherical clusters. In each iteration, after 
determining the pseudo-labels, supervised machine learning algorithms were implemented. The 
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employed machine learning algorithms included: Naive Bayes classifier, Support Vector Machines 
(both linear and nonlinear), decision trees, the k-NN algorithm, logistic regression, random forest, 
and Gradient Boosting. These models were then evaluated on the validation set using the pseudo-
labels assigned to the test data of the fold. Table 4 presents the results of supervised learning for the 
analyzed algorithms. 

Table 4. Results of the supervised machine learning process in the cross-validation model. 

Algorithm Average Accuracy Standard Deviation of Accuracy 
Naive Bayes Classifier 0.7933 0.23 
Linear Support Vector Machine 0.9750 0.09 
Nonlinear Support Vector Machine 0.9717 0.09 
Decision Trees 0.8475 0.19 
k-NN Algorithm  0.9525 0.11 
Logistic Regression 0.9883 0.06 
Random Forests 0.9517 0.11 
Gradient Boosting  0.8633 0.20 

The comparison of results obtained by the analyzed classifiers indicates that logistic regression 
demonstrated the highest predictive accuracy, achieving an average accuracy of 0.9883 with the 
lowest standard deviation (0.06). Such high stability suggests that this model generalizes particularly 
well to the pseudo-label structure derived from clustering. Very good results were also achieved by 
the linear SVM (0.9750) and nonlinear SVM (0.9717), confirming the high separability of classes in the 
feature space and the relative linearity of the decision boundary. Models with more complex 
structures, such as Random Forests (0.9517) and k-NN (0.9525), achieved moderately high results, 
but their stability was lower compared to logistic regression and SVM. The weakest performance was 
recorded by Decision Trees (0.8475) and Naive Bayes (0.7933), indicating that these models may not 
be fully suitable for the characteristics of the candidate data. Figure 1 presents the accuracy 
distribution of all models. 

 
Figure 1. Accuracy distribution of supervised machine learning models. 

The chart clearly shows the dominance of logistic regression and linear SVM, which achieve the 
highest median accuracy with relatively low variability in results. The k-NN, Random Forest, and 
SVM-RBF models also exhibit high accuracy, though with slightly greater dispersion. In contrast, 
Naive Bayes records significantly lower accuracy values, while decision trees and Gradient Boosting 
display higher variability, indicating less stable performance compared to the linear models. Figure 
2 presents the histogram of the best-performing algorithm (logistic regression). 
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Figure 2. Histogram of the most effective supervised learning algorithm. 

The histogram shows that logistic regression achieves very high and exceptionally stable 
accuracy. The vast majority of accuracy values are concentrated within the narrow range of 0.95–1.00, 
confirming both the high effectiveness and low variability of the model. Only a few observations fall 
outside this range, but their number is marginal. Such a concentrated distribution indicates that 
logistic regression is the most reliable and consistent model in the analyzed validation procedure. 

Step 4. Analysis of the impact of individual features on cluster assignment (XAI layer) 
In this step, the influence of individual candidate features on the assignment to one of the two 

clusters-green and yellow-is examined. To carry out this task, the SHAP method was used. Its results 
are presented in Figure 3. 

 

Figure 3. Results of the SHAP analysis. 
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The SHAP analysis results indicate that among candidates who passed the minimum 
requirements layer, the most influential features for assignment to the green cluster are competencies 
most directly related to performing Data Scientist tasks-such as knowledge of machine learning 
algorithms (f14), experience in Data Science (f3), overall professional experience (f4), and skills related 
to NoSQL database technologies (f8). High values of these features clearly increase the likelihood of 
being classified into the group of recommended candidates, as shown by red points on the positive 
side of the SHAP axis. At the same time, variables such as knowledge of Python (f5), SQL (f7), or 
statistics (f10) have a smaller impact on distinguishing between clusters-not because they are 
unimportant, but because the initial filtering eliminated all individuals with low levels of these 
competencies, leaving a relatively homogeneous group in which differences in these skills are already 
much smaller. As a result, SHAP emphasizes more strongly those features that differentiate the top 
candidates from each other, rather than those that were necessary conditions for passing the first 
stage of selection. 

Step 5. Validation of the obtained clusters using the Necessity Condition Analysis (NCA) 
method 

In the final stage of the model, the quality of the obtained clusters was validated using NCA 
analysis, which aims to assess whether the competency level of candidates in a given cluster meets 
the minimum threshold required to achieve a satisfactory level of overall quality. As outlined in the 
Methods section, NCA allows for determining whether a specific outcome level (Y) can be attained 
only if the candidate meets a minimum level of the most critical competencies (X). In the empirical 
analysis, the measure of overall quality was defined as the Y_score, calculated as the average value 
of all candidate features (f1–f18), while the level of the necessary condition, X_cond, was defined as 
the minimum of these features, representing the weakest element of the competency profile. For the 
assumed target level Y_target = 0.60, the CE–FDH algorithm determined the bottleneck value X = –
0.483*. This means that for a candidate to achieve the desired level of overall quality, their weakest 
competency must exceed a defined minimum threshold. Next, each candidate was evaluated against 
two conditions: (1) achieving a quality level not lower than Y_target, and (2) having X_cond not less 
than X*. Candidates meeting both criteria were labeled as Above, and the remaining ones as Below. 
The NCA results were then combined with the earlier cluster classification (Green/Yellow), resulting 
in the aggregation of candidates into four quality categories: Green (Above), Green (Below), Yellow 
(Above), and Yellow (Below). The following distribution of groups was obtained in the analyzed 
dataset: 

– Green (Above): 10 candidates 
– Green (Below): 29 candidates 
– Yellow (Above): 0 candidates 
– Yellow (Below): 47 candidates 

The results clearly confirm that although the clustering model effectively separates a group of 
clearly stronger (Green) and weaker (Yellow) candidates, not all individuals assigned to the Green 
cluster meet the necessary condition defined by NCA. Only a small portion of those in the Green 
cluster (10 individuals) exceed both the quality threshold (Y_target) and the minimum competency 
threshold (X*). This indicates that the Green segment is internally diverse-besides very strong 
candidates (Green Above), it also includes individuals with good overall performance who 
nevertheless have at least one distinctly weak competency (Green Below). In contrast, all candidates 
in the Yellow cluster were classified as Yellow (Below), which confirms the model’s consistency-
individuals previously identified as weaker do not meet the necessary condition and thus fail to reach 
even the minimal expected level of quality. 

The application of NCA thus not only confirmed the distinction between the Green and Yellow 
clusters but also added an additional diagnostic layer, enabling precise evaluation of the “strong” 
candidates and identification of those who-despite a positive classification-do not meet the minimum 
threshold for the most essential competencies. In recruitment practice, this represents valuable 
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information for the recruiter, allowing for more informed differentiation of candidates by considering 
both their overall level and potential competency gaps. 

5. Conclusions 

The article presents a multi-layered, interpretable recruitment model integrating expert rules, 
unsupervised clustering, supervised classification models, and Explainable AI techniques, 
supplemented with validation using Necessary Condition Analysis. From a theoretical contribution 
perspective, the model offers an integrated approach to designing AI systems in HR, combining 
deterministic selection rules with probabilistic machine learning methods and formal tools for 
analyzing necessary conditions. The novelty of the solution lies in treating clustering as an 
intermediate layer that generates pseudo-labels for supervised models, enabling the combination of 
the flexibility of unsupervised methods with the high effectiveness of logistic regression and SVM, 
while maintaining interpretability at both the local feature level (SHAP) and in terms of the necessary 
conditions for a specified quality level (NCA). In the AI-in-HR literature, such a consistently 
formalized architecture is rare-where each layer serves a distinct function: minimum requirements 
filtering, structuring the candidate space, operational classification, and quality validation. 

From a practical standpoint, the model can serve as real support for HR departments seeking 
solutions that are both efficient and compliant with growing ethical and regulatory demands, 
including the EU AI Act. The minimum rules layer reflects recruiter expertise and ensures alignment 
with employment policies. The use of cross-validation and a multi-model approach to clustering and 
classification reduces the risk of basing decisions on a single, randomly fitted model, enhancing 
recommendation stability. Empirical results show that logistic regression, in particular, exhibits very 
high accuracy with low variability, making it an attractive candidate for deployment. The XAI layer 
enables the generation of explanations understandable to practitioners at both the individual and 
global levels, while the application of NCA additionally differentiates candidates within clusters 
(e.g., Green Above vs. Green Below), enhancing the ability to manage recruitment risk in contexts of 
high application volume and limited time resources. 

It is important to note that the presented example is illustrative in nature and intended solely to 
demonstrate the operation of the developed model, rather than to provide full-scale empirical 
validation. The dataset used, concerning recruitment for a Data Scientist position, serves as a case 
study enabling the demonstration of successive algorithm layers and their interactions. Thus, the aim 
was not to assess the model’s universality across various industry contexts, but to show how the 
proposed architecture can be practically implemented. At the same time, the nature of the data-a 
relatively well-quantified competency profile-facilitates a clear presentation of the method's 
functioning. It must also be emphasized that the pseudo-labels from the clustering layer serve as a 
structural element of the model rather than a reference benchmark of quality, and the interpretations 
generated by SHAP and NCA illustrate the interpretability capabilities of the architecture rather than 
an assessment of the fairness of the recruitment process. Consequently, the presented example should 
be treated as a proof of concept, while full-scale, multi-context empirical validation remains a 
separate area for future research. 

Therefore, future studies should focus on verifying the model in diverse organizational contexts 
and for a variety of job profiles, including less technical roles where data is more qualitative in nature. 
Particularly important is linking model results with data on employee performance, retention, and 
career development paths, which would allow for assessing predictive validity over a longer time 
horizon. Another promising direction is the development of user interfaces based on XAI, which 
would enable recruiters to explore SHAP and NCA outputs, simulate “what-if” scenarios, and easily 
document decisions in light of regulatory requirements. Finally, it is worth integrating explicitly 
defined fairness and non-discrimination metrics into the architecture so that fairness assessment 
becomes an integral part of validation alongside traditional performance measures. In this way, the 
proposed model could form the foundation for the next generation of ethical, transparent, and 
regulation-compliant AI systems in human resource management. 
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