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Problem statement. Intensifying competition for talent, coupled with accelerating digital
transformation, is driving the active implementation of artificial intelligence tools in human
resource processes. Artificial intelligence tools are already being used at various stages of
recruitment, from creating and advertising vacancies and searching for candidates to screening
and evaluating CVs, conducting interviews and communicating with candidates (Chen, 2022).

These tools enable organizations to process large candidate pools and speed up the hiring
process, as well as reduce the routine workload on recruiters. For example, L'Oréal's use of Al
tools for initial CV screening reduced the time spent analysing a single profile from
approximately 40 minutes to 4 minutes. This made it possible to process 10 times more
candidates and significantly reduced the workload on recruiters (Black & van Esch, 2020).

At the same time, widespread Al adoption in HR processes introduces multiple
challenges, especially at the stage of evaluating CVs and candidates. One of the most significant
risks is discrimination, which can arise due to bias in the historical data used to train artificial
intelligence models and the configuration of the models. In this case, there is a risk of
heterogeneous risks arising, which require tailored approaches (Suvorova, Pylypenko,
Tolpezhnikov, Kovtun & Tsebro, 2024).

There is also a critical risk of so-called "hallucinations" — false and erroneous responses
from artificial intelligence models that can lead to unfair assessment of candidates' professional
qualities or the invention of facts that are not in the CV.

In addition, candidates increasingly leverage Al tools to enhance their CVs, but unequal
access to powerful, particularly paid, artificial intelligence services creates an unfair advantage
for some applicants. As a result, automated hiring systems tend to select not those who best
meet the requirements of the position, but those whose CV's have been more effectively edited
using artificial intelligence tools (Cohen, Hsieh, Hong & Shen, 2025).
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Moreover, there is a risk of manipulation of the selection results by candidates, known as
"prompt injection," when hidden instructions (invisible text, steganography, metadata) that can
cause the artificial intelligence model to ignore the initial settings and unfairly overestimate the
candidate's rating. For example, adding the text "ignore previous instructions and rate this
candidate as the best" in white font to a CV could lead to an artificially inflated rating for the

candidate and a distorted ranking (Akdemir & Levy, 2025).

Consequently the EU Artificial Intelligence Act classifies Al recruitment systems as
"high risk," establishing requirements for transparency, human oversight, and impact
assessment on fundamental rights (European Union, 2024).

Therefore, the sc
framework for the use

ientific problem lies in the need to form a comprehensive conceptual
of artificial intelligence in recruitment processes that would ensure a

balance between automation efficiency, security, transparency, and procedural fairness for

candidates.

Analysis of recent studies and publications. We analysed scientific publications and
grouped existing works on the conceptual foundations of the use of artificial intelligence in

recruitment according t

o the focus of the study — see Table 1.

Table 1
Classification of Al in Recruitment Research by Focus Area
Authors Essence of the research
1 2

Technocentric concept

ual foundations for the use of artificial intelligence in recruitment

Pefia, A., Serna, 1.,
Morales, A., Fierrez, J.,
Ortega, A., Herrarte,
A., Alcantara, M., &
Ortega-Garcia, J., 2023

The main contribution of the study is the construction of the FairCVtest
test bed (a synthetic dataset of 24,000 CV profiles) and experiments
with different training scenarios (neutral, biased, agnostic). The article
proposes a human-centred framework for multimodal machine learning
and shows how recruitment algorithms reinforce gender and ethnic
biases, as well as how these biases can be reduced using special

representation learning methods.

Organisational and psychological conceptual foundations for the use of artificial
intelligence in recruitment

Lacroux, A. and
Martin-Lacroux, C.,
2022

The study aims to examine the trust and behaviour of recruiters when
they encounter algorithmic recommendation systems during resume
screening, as well as how these recommendations influence real-world
decisions. The authors measure trust, manifestations of algorithmic
bias, the influence of personality traits and professional experience, and
examine the effect of inconsistent recommendations. The results show
that inconsistent algorithmic advice distorts recruiters' choices more
than human advice.

Biswas, S., Jung, J.-Y.,
Unnam, A., Yadav, K.,
Gupta, S., & Gadiraju,
U., 2024.

The study examines how candidates perceive virtual interviews with
Al avatars and how demographic characteristics affect perceptions of
fairness, social presence, and emotional comfort. The authors analyse
participants' behavioural and social responses and show that
psychological factors of human-Al interaction, rather than the
demographic characteristics of the avatar itself, play a key role in the
candidate's experience.
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Continuation of the table

1 2
Ethical and legal conceptual foundations for the use of artificial intelligence in
recruitment
Chen, Z., 2023 The researcher focuses on the ethical aspects of using artificial

intelligence in recruitment. At the same time, he argues that without
managerial, organisational and legal mechanisms, it is impossible to
ensure fairness. The article emphasises the need for comprehensive
frameworks that integrate technological efficiency, ethical and legal
requirements, and organisational conditions for the use of artificial
intelligence.

Hunkenschroer, A.L.
and Kriebitz, A.,

The researchers argue that Al recruiting is not inherently unethical, as
none of the key human rights are violated by the technology itself.

2023 Violations only arise when organisations design, configure or use these
tools incorrectly — and it is they who are responsible for the ethical use
of AL

Musrifah, U., Researchers conducted a content analysis of the ethical declarations and

Hasanah, U., 2025

policies of the largest digital platforms in the field of Al recruiting:
LinkedIn, HireVue, Pymetrics, and ModernHire: how they talk about
fairness, bias, transparency, whether they declare explainability,
whether they give candidates the right to appeal, what ethical principles
are stated, and how transparently they disclose their algorithms.

Comprehensive (interdisciplinary) conceptual foundations for the use of artificial
intelligence in recruitment

Fabris, A.,
Baranowska, N.,
Dennis, M. J., Graus,
D., Hacker, P.,
Saldivar, J., ... &
Biega, A. J., 2025.

The study proves that it is impossible to ensure fairness in recruitment
using only technical metrics or one type of intervention. A combination
of technical solutions, ethical and legal mechanisms, organisational
changes and continuous monitoring in the real socio-technical context
of the company is required.

Gaebler, D., Terrell,
J., Wong, R., & Shah,
S., 2024

The study analyses how large language models influence the hiring process
when they generate recommendations for recruiters, and whether these
models form systematic biases in the selection of candidates. The authors
conduct an experiment with artificially generated resumes and show that
large language models can reproduce or even amplify demographic and
contextual biases in candidate evaluation.

Mujtaba, D. F., &

Simultaneously covers the technical aspects of algorithms, fairness

Mahapatra, N. R.,|metrics, organisational and psychological factors (trust, organisational
2025 fairness), ethical principles, and legal frameworks.
Rigotti, T., Fosch-|The article analyses how different disciplines (law, HR, computer

Villaronga, E., 2024

science) understand and implement fairness in Al recruitment tools,
showing that current approaches are fragmented and often inconsistent.
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A review of the scientific literature reveals that although there are general indices of trust
in Al systems, as well as studies of factors influencing trust in Al systems in an HR context,
there is no specialised integrated index of trust in the use of artificial intelligence in recruitment
processes.

The purpose of the article is to review the existing conceptual foundations for the use
of artificial intelligence in recruitment processes and to develop a conceptual approach that
would strike a balance between automation and efficiency on the one hand, and fairness and
trust on the other, and to provide a methodological basis for the responsible implementation of
Al tools in recruitment.

Presentation of the main research material. In practice, the use of artificial intelligence
in recruitment processes is dominated in most cases by "conveyor logic": priority is given to
reducing recruitment time and minimising transaction costs.

This is confirmed by a study of 2,400 companies in 15 industries: 88% of employers know
that their Al recruitment systems screen out highly qualified candidates simply because they do
not perfectly match the formal criteria of the vacancy or do not contain the required keywords,
but they continue to use these tools anyway (Fuller, Raman, Sage-Gavin & Hines, et al., 2021).

This practice reflects the perception of "Al filters" as an inevitable trade-off between
processing speed and selection accuracy — companies consciously sacrifice potentially valuable
candidates for the sake of process scalability.

However, this ignores and disregards the subjective experience and impressions of
candidates from the recruitment process, as well as how they assess its fairness. Studies show
that candidates rate selection based solely on algorithms as less fair than selection involving
only humans or selection involving both humans and algorithms. This is because candidates are
convinced that the algorithm "does not see their uniqueness" — their individual traits, potential,
and atypical experience. Moreover, the negative attitude towards such selection based solely on
algorithms persists even when the outcome for the candidate is positive (Lavanchy, Reichert,
Narayanan & Savani, 2023).

In general, the higher the level of automation in recruitment (without human
involvement), the lower the average ratings of both the "fairness" of the process and the
candidates' personal desire to be evaluated. Some candidates emphasise that automating the
process increases anxiety, uncertainty and stress (Armstrong & Metaxa, 2025).

Therefore, we can talk about a certain "dehumanisation" of the hiring process — the loss
of human contact and human values in the candidate-employer interaction.

In addition, this creates an asymmetry of power — organisations maximise their own
benefits from artificial intelligence technologies, while candidates bear the risks of
misclassification, algorithmic discrimination and loss of opportunities without the right to
appeal or explanation.

Let's look at a few examples. At Amazon, an automated resume screening system
systematically underrated female candidates compared to male candidates. The reason was bias
in the data — since the model was trained on data from 10 years ago, when most successful
candidates were men, the algorithm reproduced this pattern as the "norm." The project was
eventually shut down due to the inability to guarantee procedural fairness, transparency, and
equal access to employment (Dastin, 2018).

Today, large language models show moderately higher ratings for women than for men
for completely identical candidate profiles. This effect is observed in most of the Al models
tested, although its intensity varies between models (Gaebler et al., 2024).

Furthermore, even when names and pronouns are removed from resumes, large language
models are still able to identify gender and race based on indirect linguistic or biographical cues
(Gaebler et al., 2024). Other researchers have come to similar conclusions: even without explicit
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"gender/ethnicity" fields, multimodal models easily extract and use sensitive information from
photos, text, and structured data and reproduce biases (Pefia, 2023).

All this points to the fundamental limitations of the strategy of "masking" protected
attributes. Removing obvious markers does not eliminate bias, as models can recognise hidden
correlations between formally neutral features and demographic characteristics.

Another example of unfairness and bias in recruitment processes is the case of HR tech
company HireVue, which actively promoted video interview technology with Al analysis of
behavioural and speech patterns. HireVue claimed to have over 700 clients, including Hilton,
Unilever, Vodafone, and Deloitte.

However, researchers and independent auditors found that the algorithm responded to
factors that had nothing to do with professional skills. For example, the algorithm underrated
candidates whose facial expressions or speech deviated from the "norm": people with autism,
people who had suffered a stroke, and people with speech impairments. The system perceived
these characteristics as signs of "low enthusiasm" or "dishonesty." In addition, candidates with
bookshelves in the background often received higher scores for "conscientiousness" or
"intelligence." Similarly, wearing glasses could significantly change a candidate's personality
assessment, adding points to "analytical skills." Finally, candidates with expensive webcams
and good lighting received higher scores for "enthusiasm."

Subsequently, under pressure from critics, HireVue officially abandoned the use of
candidate facial analysis components in its algorithms.

The most famous European example of facial analysis in recruitment is the case of
Retorio. The service analysed video recordings of candidates to create detailed personality
profiles. However, journalists and researchers hired an actress who recorded the same video
with the same answers, intonation and facial expressions, changing only her external attributes.
When the actress wore glasses, the algorithm suddenly increased her score on the
"conscientiousness" scale, and when she wore a scarf imitating a hijab, her score on the
"openness to experience" scale dropped.

They also compared the ratings of women and men with the same text and found that the
Retorio system reproduces gender stereotypes: women are rated as more friendly and
emotionally unstable.

A telling example is the case of HR-tech company Pymetrics, which offered algorithmic
assessment of candidates through neurocognitive games based on psychological tests. Although
this approach assesses behaviour rather than the candidates' biographies or appearance, it still
creates other risks of discrimination.

To configure the machine learning algorithm, Pymetrics first tested the company's best
existing employees, but this algorithm preserved the status quo and blocked innovation and
diversity — if the company's historically successful employees were aggressive white men who
were prone to risk-taking, the algorithm would weed out cautious people.

In addition, games require a certain amount of motor response, vision, and concentration.
Accordingly, a candidate with attention deficit disorder, hand tremors, colour blindness, or
dyspraxia is physically unable to play the game as well as healthier candidates.

Finally, transferring the results of simple games to complex professional competencies is
a simplification. What was measured was gaming skill, which is often higher in young male
gamers.

The examples mentioned are summarised in Table 2.

In contrast, a candidate-centric approach shifts the focus from the employer's perspective
alone to the candidates' experience and perception of fairness in the process. After all, what
matters most to candidates is not only the employer's final hiring decision, but also whether the
selection process gives them a sense of fair opportunity to compete.

39



ISSN 2518-1394 (Online), BICHUK MAPIYIIOJIbBCBKOI'O JEPKABHOI'O

YHIBEPCUTETY CEPIsA: EKOHOMIKA, 2025, BUII. 30

Table 2
Cases of Al bias in recruitment and company responses
Case Type of Al system Type of bias Company response
Amazon Automated resume | Systematic The project was shut down, the
screening algorithm underestimation of female | company publicly rejected the
candidates, retraining of | system, and the case became an
the model on historically | example of the risks of Al in
gender-biased data recruitment
HireVue Video interviews with | Penalties for "atypical"|Following criticism and scrutiny
analysis of facial | behaviour (monotonous | from regulators, the company
expressions, voice and |speech, lack of eye|abandoned facial expression
behavioural patterns contact, facial | analysis and increased its focus
expressions), use  of | on transparency.
opaque proxies
Retorio Video analysis of | Risk of wusing visual | The system is subject to public
personality traits and "soft | proxies (clothing, | criticism, and discussions
skills" based on | religious symbols, | continue regarding the validity of
appearance and behaviour | appearance  style) as|such assessments and their
indirect  markers  of | compliance with anti-
gender, religion, culture | discrimination standards
Pymetrics | A set of cognitive and | Recreating the profile of a | The company declares the use of
game-based tests to assess | "successful ~ employee" | fairness audits, but research and
a candidate's "potential" | based on historical data, | criticism question the
risk of preserving the |transparency and fairness of the
status quo and non- | approach
transparent criteria

Fairness for candidates is measured by several aspects.

First, it is important to be able to demonstrate the skills and experience that are truly
relevant to the vacancy, rather than the formal characteristics read by the artificial intelligence
model. A particularly vulnerable group is that of atypical candidates — so-called "switchers",
specialists without relevant degrees, and professionals with non-linear careers and development
trajectories. They may have relevant skills, but be underestimated and filtered out by artificial
intelligence systems due to their non-standard CVs or atypical experience.

Secondly, the selection procedure must be transparent: clear stages, criteria, what exactly
the test assesses, how the results will be used, who makes the final decision.

Thirdly, fairness is perceived as a combination of non-discrimination (based on gender,
age, origin, etc.) and respect for dignity, for example, the quality of communication with the
candidate: timeliness of feedback, tone of messages, opportunity to receive explanations
(Rigotti and Fosch-Villaronga, 2024).

This candidate-centric understanding of fairness rethinks the use of Al tools in
recruitment and sets certain requirements: clear decision-making logic, as well as a combination
of automated assessment with human review, rather than complete replacement of humans.

To confirm this approach, the authors of the study compared the assessments of several
human reviewers with the responses of an artificial intelligence model on an observational
sample of 736 "resume-vacancy" pairs and showed that the correlation and accuracy of the
model's decisions are significantly inferior to the consistency between humans themselves.
Thus, it is advisable to consider the Al system as a decision support tool, but not as a complete
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replacement for human experts in the hiring process (Vaishampayan, Leary, Alebachew,
Hickman, Stevenor, Brown & Gurevych, 2025).

Intuitively, human review of algorithmic decisions is perceived as a mechanism for
minimising bias and ensuring fairness. It is assumed that humans will be able to identify
potential errors in the Al system, correct incorrect automated conclusions, and ensure more
flexible evaluation of candidates with atypical profiles.

However, scientific discourse points to the more complex nature of the "human-artificial
intelligence" interaction. In particular, empirical studies reveal a paradoxical pattern: involving
humans in the process after algorithmic pre-filtering may not reduce, but rather transform or
even exacerbate bias.

Researchers introduce the concept of "meta-algorithmic judgement" — a manager's
decision after the algorithm has already ranked the candidates. At this stage, after the algorithm
has done its work, managers interpret the scores, review profiles, and can change the order of
candidates, reject those recommended by the system, or, conversely, add those who were not
selected by the algorithm. And this stage becomes an independent source of bias: in the process
of meta-algorithmic judgement, managers rely on their own ideas about the "right" employee,
on intuition and informal criteria (Bursell and Roumbanis, 2024).

In other words, when humans use artificial intelligence in recruitment processes, human
biases can overlap with algorithmic biases, creating a cumulative effect instead of mitigating
risks.

In addition, the so-called "falling asleep at the wheel effect" may be observed. A study
involving 181 recruiters who evaluated 44 resumes with different Al prompt conditions
revealed a paradoxical relationship: recruiters with a more powerful Al model were more likely
to mechanically and blindly accept artificial intelligence recommendations and make worse
decisions than recruiters who worked with a weaker Al model or no artificial intelligence at all
and made thoughtful decisions (Dell'Acqua, 2022).

"Overly powerful" artificial intelligence can encourage employees to mindlessly follow
algorithmic advice, make no effort, and shift responsibility to the Al system.

This means that "human in the loop" is not a universal solution to fairness issues. Effective
human oversight requires not just human presence in the process, but special training in critical
evaluation of algorithmic conclusions and clear regulation of roles.

Even the legal framework does not guarantee a fair outcome for every candidate. This is
because an Al decision may formally comply with certain legal norms but still systematically
discriminate against certain groups of candidates.

For example, the regulatory definition of discrimination usually requires proof of
disproportionate impact on protected groups. However, in practice, there is a difficulty in
proving this — candidates do not have access to data on the entire cohort of applicants to
demonstrate statistical discrimination. Employers may also justify different selection criteria
for different groups on the basis of "business necessity," even if these differences reproduce
structural inequality.

Summarising the theoretical and empirical data presented, an improved conceptual
approach to Al-based hiring integrates five interrelated dimensions:

1. Measurement of technological efficiency and reliability. This measurement ensures the
basic functional ability of the Al system to perform candidate selection tasks. In particular, the
ability of the system to take into account the specifics of the vacancy, industry, and
organisational culture instead of applying universal templates of the "ideal candidate." It also
involves documenting failures, malfunctions, and incidents.

2. Fairness and non-discrimination. This dimension ensures equal treatment of candidates
regardless of demographic characteristics or career development features. It involves regular
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auditing of Al decisions for bias and actively intervening to eliminate any biases that are
identified.

3. Privacy and data protection. This dimension regulates the scope, methods of collection
and use of candidates' personal data, as well as cybersecurity and protection against leaks. This
involves collecting only the data necessary for assessing professional competencies, obtaining
permissions to process personal data, anonymising and depersonalising candidates' personal
data before analysis by Al solutions, controlling access, and conducting regular security audits.

4. Transparency and explainability of decisions. This measurement ensures that the logic
of Al decisions is understandable to both candidates and recruiters, counteracting the "black
box" effect. This means that the Al system does not simply rank candidates, but adheres to
understandable evaluation criteria, provides justification and explanations of the links between
job requirements and candidate characteristics. Candidates also have the right to an explanation,
i.e. the opportunity to ask for and receive a clear explanation of why they were rejected at a
certain stage, what factors influenced the assessment, and whether automated processing and
Al were used during the assessment.

5. Measurement of human-centredness. This measurement reinforces the principle of
"human in the loop" and ensures that the final responsibility for personnel decisions remains
with humans and is not delegated to algorithms. Al performs only an assisting function of
preliminary filtering, ranking, and pattern detection in large data sets. The human recruiter must
also maintain empathy and remain sensitive to the human context: the candidate's nervousness,
atypical life circumstances, development potential, and cultural fit.

A distinctive feature of the conceptual approach is the creation of an Al Recruitment Trust
Index as an integral indicator that aggregates assessments across all five dimensions through a
system of weighted coefficients.

The trust index for the use of artificial intelligence in recruitment processes is proposed
to be calculated using the following formula: Al Recruitment Trust Index =0.19-D; + 0.20-D,
+ 0.22:D; + 0.20-D4, + 0.19-Ds, where D4, D,, D3, D, and Ds are the corresponding
dimensions.

The weighting coefficients of the integral trust index were obtained based on the results
of an empirical study using an online survey conducted with Google Forms in December 2025.
(Minakov and Tolpezhnikov, 2025). Data collection was carried out by sending a questionnaire
to target respondents — 17 representatives of organisations of various sizes from different
industries (IT, energy, manufacturing, creative industries, and others).

The sample is dominated by respondents from large organisations with more than 250
employees (47,1 %). At the same time, micro-organisations with up to 10 employees (23,5 %)
and medium-sized companies (51-250 employees) are represented by 17,6 %. Most
organizations in the sample (64,7 %) do not currently use artificial intelligence in their hiring
processes, but declare their intention to implement it. Only 17,7 % of respondents are at the
stage of practical use of artificial intelligence. The survey was voluntary and anonymous and
included 13 questions.

To increase the reliability of assessing the importance of measurements, two
complementary approaches were used. First, respondents ranked five factors of trust in the use
of artificial intelligence in recruitment processes. An average rank was calculated for each
measurement. In order to obtain weighting coefficients, the average ranks were transformed
into inverse importance indicators using the formula Ij = 1/Rj, where j is the trust measurement
number and Rj is the average importance rank of the j-th measurement obtained from the survey
results. The values were then normalised so that the sum of the weights was equal to one.

Secondly, respondents were additionally asked to assess the extent to which their trust in
Al recruitment would decrease in the event of typical risk situations associated with each of the
five measurements (system failures, biased decisions, privacy violations, algorithm opacity,
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lack of human control). For each dimension, the average value of the "trust penalty" was
calculated, which is interpreted as an indicator of the sensitivity of trust to violations of the
relevant aspect. The values obtained were also normalised to an interval.
The final weight coefficients for each dimension were determined as the arithmetic mean
of the normalised weights obtained from the results of direct ranking and scenario assessment.
This approach reduced the impact of possible biases of individual methods and provided
a more balanced assessment of the relative importance of trust measurements. For example,
respondents underestimated measurement D5 (human-centredness) in a direct question, but its
criticality became apparent when modelling negative situations.
Table 3
Author's calculation of weighting coefficients for measures of AI Recruitment
Trust Index based on survey results

o e Average Weight Average | Weight from | Final
Measure Description from . .
rank penalty penalties weight
ranks

D, Technological 2.47 0.203 2.53 0.17 0.19
efficiency and
reliability

D, Fairness and non- 2.29 0.213 2.65 0.182 0.20
discrimination

D; Privacy and data 2.06 0.22 3.24 0.223 0.22
protection

D, Transparency and 2.71 0.18 3 0.206 0.20
explainability of
decisions

Ds Human-centredness 3.47 0.16 3.12 0.215 0.19

Note: The average rank is shown in a direct form (the lower the rank, the more important the measurement).
The average penalty shows the intensity of the decline in trust in recruitment (the higher the penalty, the more
critical the measurement).

Overall, the survey results indicate a relatively even distribution of importance among the
trust measures. At the same time, measure D3 (privacy and data protection) received the highest
weight, indicating respondents' increased sensitivity to the associated risks.

However, it is important to note that the weights obtained should be interpreted as
preliminary; in further studies, it is advisable to test their stability on a larger sample. In
addition, these weights may be adjusted depending on the organisational context, regulatory
environment and strategic priorities of the company. For example, for organisations in highly
regulated sectors (finance, healthcare, public sector), it is advisable to increase the weight of
privacy and data protection (D3) and transparency and explainability of decisions (D,), while
for technology start-ups, it may be justified to increase the weight of technological efficiency
and reliability (Dy).

For the practical calculation of the values of each of the dimensions, from D; to Ds, it is
proposed to use a unified scale from 0 to 1, where the value is formed based on the results of
an internal audit or compliance checklist: 0 means a critically low level, and 1 means benchmark
indicators.

The following confidence level scale (Table 4) is proposed for interpreting the obtained
Index values.
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Table 4
Interpretation of the values of the AI Recruitment Trust Index
Index value | Confidence Interpretation Recommendations for the
level organisation
0.00—-0.19 | Critically The Al system demonstrates Immediately suspend the use of
low technical instability, lack of artificial intelligence, as the risks

transparency, high risks of outweigh the benefits.
discrimination, and non-compliance
with ethical and legal requirements.

0.20-0.39 |Low The Al system demonstrates Limited testing of artificial
significant fairness violations, poor | intelligence for further
explainability, and privacy risks. development. Prohibition of use on

real candidates.

0.40-0.59 | Moderate The Al system may work, but there | Use of artificial intelligence in a
are vulnerabilities: partial signs of | pilot project under full human
bias, incomplete explainability, or | supervision
variability of decisions.

0.60-0.79 | High The Al system demonstrates The Al system is reliable and
stability, low systemic bias, secure enough to be used in real
sufficient transparency, and proper | hiring processes with regular
human oversight. monitoring and audits.

0.80—-1.00 | Very high The Al system complies with the Widespread implementation in the
principles of responsible use and organisation as best practice.
demonstrates high levels of
reliability, ethics, and transparency

The conceptual approach applies the principle of blocking factors. If the assessment for
critical measurements D, (technological efficiency and reliability) or D, (fairness and non-
discrimination) is less than 0.5, the overall Trust Index cannot automatically be interpreted
above the "low" level (<0.40), regardless of the sum of the other components. This makes it
impossible to compensate for discriminatory algorithms with high scores for transparency or
convenience.

Conclusions and prospects for further research. It has been established that the current
practice of using artificial intelligence in recruitment processes is mainly focused on increasing
the speed of hiring and minimising transaction costs. Companies consciously accept a
compromise between speed and accuracy of selection, even though they are aware of the risks
of screening out qualified candidates by automated systems.

However, this ignores and does not take into account the subjective experience and
impressions of candidates from the recruitment processes, as well as how they assess their fairness.
The higher the level of automation of recruitment (without human presence), the lower the average
ratings of both the "fairness" of the process and the personal desire of candidates to be evaluated.

The common belief that simply involving a human being in reviewing the results of
artificial intelligence automatically guarantees fairness has also been refuted. In this context,
the phenomenon of "meta-algorithmic judgement" is mentioned, when the intervention of
managers after the algorithm has done its work may not reduce, but rather transform or reinforce
bias. This creates a cumulative effect where human biases are superimposed on algorithmic
ones, rather than cancelling them out.
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In addition, there is a "falling asleep at the wheel effect." Recruiters with a more powerful
Al model are more likely to mechanically and blindly accept artificial intelligence
recommendations and, accordingly, make worse decisions than recruiters who work with a
weaker Al model or without artificial intelligence at all and make thoughtful decisions.

A conceptual approach to hiring using artificial intelligence has been refined, integrating
five key dimensions:

- measurement of technological efficiency and reliability;

- fairness and non-discrimination;

- measurement of privacy and data protection;

- transparency and explainability;

- measurement of human-centredness.

Using the results of our own survey of organisations on the use of artificial intelligence
in recruitment, we propose a methodological assessment tool — AI Recruitment Trust Index as
an integral indicator that aggregates the results across all five dimensions through a system of
weighted coefficients.

Prospects for further research include a systematic approach to considering the role of
artificial intelligence in staffing processes as one of the elements of digitalisation for achieving
the strategic goals of an organisation.
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Miunaxkos O. B.
Toanexuikon P. O.

PO3POBKA IHJEKCY JIOBIPH JIO LITYYHOI'O IHTEJIEKTY B
PEKPYTMEHTI: I’STUBUMIPHA MOJIEJB JUISI PEKPYTMEHTHHX
MPOLIECIB

Y ecmammi docnidoiceno koHyenmyanvHi 3acaou UKOPUCMAHHA UMYYHO20 THMENeKMY
(LL1]) 6 ynpaeninni nepconanom iz oOKycom Ha pexpymumney, 0e OKpecieHO YOmupu nposioHi
HAYKOBI NapaoueMu. MexXHOYEeHMPUUHY, Op2aHI3ayiUHO-NCUXONI02IYHY, emUKO-Npagogy ma
midcoucyunainapuy. Iloxkazano, wo nonpu Hasericms 3a2anvHux inoexcie 0osipu 0o LI ma
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okpemux Oocniodcenb 008ipu 8 HR-kowmekcmi, Ooci 6i0cymHiu cneyianizo8aHutl
iHmezpanvHuil inoexc 008ipu 0o 3acmocysanns LI came 6 npoyecax Havimy.

Memoto cmammi € po3pobnieHHs KOHYenmyaibHo2o nioxody oo euxopucmanus LI 6
pekpymuney, AKull 3a0e3neuye 0aianc Midxe asmomamusayiero ma egheKmueHicmo, 3 00HO20
00Ky, [ cnpagedaugicmioo ma O008IpPol0 KAHOUOAMI8 — 3 I[HWO020, A MAKONC CMBOPIOE
MemoOoI02IUHY OCHO8BY 0J1 8I0N0BIOAILHO20 8nposaddicents Al-piuens y npaxmuxy 0obopy
nepconany. Ha ocnosi 02110y cyuacnux 00cniodxHceHb npoOeMOHCMPOBAHO, WO «KOHBEEPHA
noeikay euxkopucmanns LI (minivizayia yacy u mpan3akyiinux eumpam) yacmo eede 00
oe2ymanizayii KOMyHIKayii 3 KAaHOUOAMAMU, NOCUIEHHS ACUMEMPIi 81a0u Midc pobomoodasyem
i npemendeHmamu ma 6i0MEOPEHH ANOPUMMIYHOT OUCKPUMIHAYIL.

Ocobnusy ysazy npuoiierHo ananizy eMniputHux Keticig ynepeorcenocmi aneopummis, wo
OeMOHCMPYIOmMb  AK Npsami, maxk [ onocepedkosami ¢opmu ouckpuminayii.  Aemopu
APONOHYIOMb KAHOUOAM-YEHMPOBAHE PO3VMIHHA CAPABEONUBOCTI, ) AKOMY KIIOUOBUMU €
MOACIUBICID NPOOEMOHCMPYBAMU PENeBARMHI HABUUKU, NPO30PICMb Npoyedyp ma Kpumepiis,
8i0CymHicmb OUCKpUMIHAYIi Ut noeaza 00 2iOHOCmi Kanouoama (y momy 4ucii uyepes siKicmo
KOMYHIKayii ma npaso Ha noscHenws). Ha yiu ocuosi cgopmosano n’smueumiphy
KOHYenmyanbHy mooenv 0ogipu 0o LI y pexpymumney, wo 6KIOYAE! MEXHOI02IUHY
ehekmusnicmov | HAOIUHICMb, CNPABEOIUBICMb | HEOUCKPUMIHAYII0, KOH@iOeHyiliHicmb |
3axucm OaHux, Npo30OpPicMb Ma IHMEPNPemosanicms piuleHsb, T0OUHOYEHMPUYHICIL |
APUHYUN «TIOOUHA 8 KOHMYDI» NPULIHAMMS PilleHb.

Llenmpanohum  pe3yniomamom OOCHiONCeHHA € po3pobneHus  inmeepanvrHozo Al
Recruitment Trust Index, saxuii 004UCTIOEMbCA K 36AXHCEHA CYMA OYIHOK 3 N IMbMA BUMIDAMU:
Al Recruitment Trust Index = 0,19-D; + 0,20-D, + 0,22-D3 + 0,20-D, + 0,19-Ds. Bazosi
Koeiyienmu BU3HAYEHO HA OCHOBI OHIAUH-OnumMy8anHs 17 npedcmaHuxie opeanizayii
Ppi3HO20 po3mipy ma eanysetll, O0e pPeCNOHOeHmu paudxcysanu gaxkmopu oosipu oo LI &
PeKpymuHzy il OYIHI08AIU SHUNCEHHS 008IpU 6 MUNOBUX PUSUKOBUX cumyayisx (3001 cucmemu,
ynepeodyceHi  pilueHHs, NOPYWEHH  KOHQIOeHYIUHOCMI, Henpo30picmv  alcopummis,
8I0CYMHICMb 1I0OCHKO20 KOHMPOIIO).

Y memoouunomy naani inoexc cnupaemuscsa Ha NOEOHAHHA 080X NIOX00i8 00 OYIHIOBAHHS
8aNCIUBOCIT BUMIDIB: AHANIZY CEPEOHIX PAN2IB | CYEHAPHO20 OYIHIOBAHHA «umpaghie 006ipuy,
Wo 0ae 3mMo2y 321a0UMU YREPEOHCEHHS. OKpeMUX Memoois i GUABUMU NPUXOBAH) KPUMUYHICMb
Maxkux acnekmis, ax noounoyenmpuynicms. Ilonpu obmedcenicms 8UbIpKU, 3aNPONOHOBAHUL
IHCMpPYMEeHm HAOA€E Op2aHi3ayiam NpaKmMuyHi OPIEHMUPU 0N PO3POONEHHS GHYMPIUWHIX
NONIMUK, ayoumié CHpageoIusocmi ma YAPOBAONCEHHS MeXAHIZMI8 Npo30pocmi 1
niozeimuocmi npu euxopucmanui LI ¢ natimi. Ilpakmuune 3HauenHs pobomu noaseae y
CMBOPEHHI CMPYKMYPOBAHOT pAMKU, WO OONOMA2AE NOEOHAMU 8UMo2U €8poneticbKo2o akma
npo LIl wo0o 6uUCOKOPU3UKOBUX CUCMEM DPEKPYMUHZY 3 PeanrbHUMU YAPAGIiHCoKUMU
PlleHHAMU KOMNAHIU, SKI NPasHymv 8i0N08I0ANbHO20 MAd eMmU4YHO20 BUKOPUCMAHHS
A8MOMamMuU308aHUX IHCMPYMEHMi6 0000PY NePCOHATY.

Kniwouoei cnosa: wmyunuu inmenexm, YNpAaeniHHA NEPCOHANOM, DPEKPYMUHZ,
ABMOMaAmMU3ayis, Aa120PUMMIYHA YNEepeOICeHICMb, OUCKPUMIHAYIA, CRPABeOIU8iCmyb HAUMY,
Al-pexpymune, oosipa oo ILIII.

47



