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Abstract:

Research Question: This study examines whether personality traits can be a valid criterion for candidate selection in
reskilling programs and whether they can be objectively aggregated and ranked using quantitative methods. Motivation:
Governments increasingly fund reskilling programmes to address shortages of IT competencies. Selecting the right
candidates becomes critical when traditional criteria such as prior knowledge or formal qualifications are excluded. In such
contexts, decision-makers need transparent and data-driven tools to differentiate among candidates with similar profiles. This
study addresses that gap by combining psychological assessment with quantitative evaluation. The novelty lies in applying
the Data Envelopment Analysis (DEA) method for personality-based candidate ranking. This approach enables more
objective and transparent decision-making in the selection process. Idea: This study proposes a personality-based
competence index for candidate selection in reskilling programs, integrating Cattell’s 16 Personality Factor model with the
DEA method. Data: Data were collected from 240 candidates who applied for a government-funded IT reskilling program
in Serbia. Candidates had no prior IT knowledge, experience, or formal qualifications in the field. Tools: The study applies
Cattell’s 16PF questionnaire for personality assessment and DEA, a non-parametric method based on linear programming,
to construct a composite personality index. DEA enables objective weight assignment for each candidate without
predetermined criteria importance, allowing relative competence ranking across all candidates. Findings: Reasoning
emerged as the strongest predictor of reskilling success, followed by self-control, independence, and extraversion. Anxiety
and tough-mindedness were identified as undesirable dimensions in this context. The DEA method successfully ranked
candidates, identified competence gaps, and provided measurable improvement targets, demonstrating its practical utility
as a selection support tool in reskilling contexts. Contribution: This study introduces a novel DEA-based personality
competence index as an objective, transparent decision-support tool for candidate selection in reskilling programs.
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1. Introduction

The market is witnessing an increase in government-funded reskilling programs, supported by European and
global organizations, aimed at addressing the shortage of technical and IT competencies (Council of the
European Union, 2024; OECD, 2025). These initiatives are designed to equip the workforce with the
necessary skills to meet industry demands (European Commission, 2024; OECD et al., 2024) given that
skills gaps represent the most significant obstacle to business transformation (WEF, 2025). The success of
such reskilling programs, however, does not depend solely on the acquisition of new technical skills but
also on candidates’ competencies, which influence their motivation, persistence during training, and
adaptability to new job roles, more precisely, their readiness for career shift (Obradovic et al., 2024).
Competence refers to a set of observable and measurable attributes necessary for effective work
performance. This includes knowledge, skills, abilities, values, personal traits, and motives (Boyatzis, 1982;
Wong, 2020). These attributes collectively enable individuals to perform their tasks successfully and adapt
to various job demands, making competence a crucial factor in workforce development and selection
processes. In this study the focus is on personal traits (personal factors), as one of relatively stable personal
characteristics that can be used for predictions of work behaviour and outcomes.
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This study explores whether personality traits can serve as factors of success in reskilling programs and
whether candidates can be objectively evaluated and ranked based on these characteristics during the
selection process. To achieve this, the study proposes the development of a competence index for candidates,
integrating psychological assessment with quantitative evaluation methods. This approach should allow data-
driven and transparent comparison of candidates’ potential for success. For the assessment of personality,
this study employs Cattell’s personality model (Cattell, 1949), operationalized through the 16 Personality
Factors (16PF) questionnaire. Data Envelopment Analysis (DEA) method is applied as a quantitative tool
enabling objective aggregation and comparison of candidates’ personality factors.

2. Theoretical Background

The requirements of the reskilling project targeted candidates who had neither formal education, nor prior
work experience in information and technology. Consequently, knowledge and experience could not serve as
selection criteria at the point of entry into the program. Specific skills are tested otherwise, and according to
KSAO competence framework personality domain left to be covered. Accordingly, candidates’ reasoning and
personality traits were selected as the basis for determining their readiness to successfully follow the course.

This approach is consistent with established models of competence. As previously noted, competence is
commonly understood to encompass knowledge, skills, abilities, and other characteristics (the KSAO
model). Other characteristics domain includes personal characteristics, such as attitudes, traits, motives,
values. Personal characteristics have been incorporated into competence frameworks since the earliest
conceptualizations of the construct. McClelland (1973) originally defined competencies as the individual
characteristics that differentiate superior from average performers, explicitly moving beyond knowledge and
skills alone. Boyatzis (1982) formalized this by defining competencies as an underlying characteristic of a
person, encompassing motives, traits, skills, aspects of self-image, social role, or a body of knowledge, that
results in effective or superior job performance. Similarly, Spencer and Spencer’s (1993) iceberg model of
competence distinguishes between visible, surface-level competencies (knowledge and skills) and deeper,
less visible ones (self-concept, traits, and motives), arguing that the latter are often more powerful predictors
of performance. As such, they represent a meaningful element of the competence profile and are associated
with successful functioning within professional and organizational contexts (Fantozzi et al., 2024).

Although personality might not be crucial predictors of success in work setting, previous research provides
a solid introduction to understanding how personality traits predict success in learning, career transitions and
reskilling, as well as the role of quantitative methods in the decision-making process in selection.

2.1 Personality traits as predictors of success

Research has shown that cognitive ability and conscientiousness are seen as the most valid predictors of
work performance (Jex & Britt, 2008), although neuroticism, extraversion, and agreeableness are relevant
too (Van Eijck & Graaf, 2004; Cubel et al., 2016). Lado and Alonso (2017) found that conscientiousness and
emotional stability predict overall job performance, task performance, and contextual performance, while
personality traits are especially linked to organizational citizenship behaviour (Trapmann et al., 2007). Authors
generally advocate combining personality and cognitive ability tests with interviews in personnel selection.
The predictive value of specific traits varies by occupational domain (Salgado, 1998; Robertson et al., 2000;
Vinchur et al., 1998). Notably, conscientiousness, though generally the most pervasive predictor, was found
irrelevant in managerial contexts (Robertson et al., 2000). For the IT domain, control, independence, and
toughness predict dedicated work behaviour (Arora & Adhaikari, 2015), while openness, emotional stability,
and lower agreeableness may be associated with lower susceptibility to digitalization (Bode et al., 2019).
Regarding labour market outcomes, extraversion, conscientiousness, and low neuroticism predict
occupational and economic success (Judge et al., 1999), while openness and conscientiousness correlate
positively with income (Alderotti et al., 2023).

For career transitions and reskilling, conscientiousness consistently predicts training performance (Dehn &
Damitz, 2022; Hurtz & Donovan, 2000), while openness predicts training participation and outcomes (Laible
et al., 2020; Salgado, 1998; Barrick & Mount, 1991). In higher-autonomy contexts typical of reskilling
programs, personality effects on performance are especially pronounced (Barrick et al., 2001; Barrick &
Mount, 1993).

We are aware that personality characteristics might not be crucial predictors of success in work setting and
not often used as the selection criteria but according to the criteria of successfully passing the training
program, some of these traits might make a difference. Further, to reduce the possible bias in assessing
personality traits, quantitative methods that do not post the prior weighting criteria were chosen.
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2.2 Quantitative approaches in selection process

Quantitative multi-criteria decision-making methods enable objective ranking of candidates based on defined
criteria, reducing subjectivity and increasing transparency in the selection process (Sarykaya, 2025; Stanujkic
et al, 2024). Methods such as AHP (Analytic Hierarchy Process), TOPSIS (Technique for Order of Preference
by Similarity to Ideal Solution), PROMETHEE (Preference Ranking Organization Method for Enrichment of
Evaluations) and their fuzzy or hybrid variants are widely used across HRM domains, including performance
appraisal, talent attraction, and employee selection. They enable standardization of scores and creation of
composite rankings (Salehzadeh & Ziaeian, 2024; Nalbant, 2024). These approaches are especially valuable
when many candidates are compared across multiple criteria, which can be time-consuming and lead to
overwhelming data (Johnson & Zhu, 2003).

Although the effectiveness of these methods is evident, the choice of the most appropriate approach remains
context-dependent, as different methods may vyield diverse recommendations (Megawaty et al., 2025;
Ziemba, 2023). AHP appears to be the preferred choice in HRM decision-making due to its flexibility and
data-driven criteria prioritization (Salehzadeh & Ziaeian, 2024; Gelgor & Can, 2025), with recent trends
moving toward hybrid approaches and decision support systems (Bahri et al., 2022; Megawaty et al., 2025).

DEA has also demonstrated effectiveness in personnel selection across various contexts, such as academic
staff recruitment (Johnson & Zhu, 2003), electrical engineering selection using ANP combined with fuzzy
DEA (Lin, 2010), IT candidate assessment (Mrdak & Nanusevski, 2023), and green tourism candidate
selection combining AHP and DEA (Langovic et al., 2025). A key strength of DEA is its ability to assign
optimal weights independently for each candidate (Warning, 2014) and to detect sources of inefficiency
(Langovic et al., 2025). In this study, DEA is applied to evaluate the relative competence of reskilling
candidates, providing an evidence-based framework that not only ranks individuals but also identifies areas
for targeted competency development (Manoharan et al., 2009).

3. Method

The aim of this study is to develop a competence index for candidates’ selection by integrating psychological
assessment and quantitative evaluation methods. For the general personality factor assessment, Cattell’s 16
personality factor model was used in the first phase. Research seeks to apply the DEA method as a
quantitative support in the employee selection process, enabling objective aggregation and comparison of
candidates’ personality factors. The proposed methodology is presented in Figure 1.

Phase 1. Personality factors assessment

Primary factors assessment General factors assessment

Cattell's personality model (16PF) Converting the raw scores from

tests into Sten scores

l

Phase 1 results: General personality factors

Extraversion (E), Tough-mindedness (TM), Self-control (5C), Independence (1}, Anxiety (A)

Y

Phase 2. DEA personality index assessment (BoD composite indicator)

Flexible-weight aggregation Candidates ranking based on
DEA output-oriented model competence

|

Phase 2 results:

DEA personality index and candidates ranking

Figure 1: Candidate competence assessment — DEA personality index. (Source: Authors)
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3.1 Phase 1 - Personality factors assessment

3.1.1 Personality factors model

Cattell’s personality model (Cattell, 1949), operationalized through the questionnaire of 16 personality factors
(16PF), represents a comprehensive measure of personality and has a wide area of application, primarily in
professional selection and development, professional guidance, and psychological counselling. The model
includes 16 primary personality factors from which it is possible to distinguish five general factors:
extraversion (E), tough-mindedness (TM), self-control (SC), independence (), and anxiety (A). We used the
broader personality measures, not the primary factors, following the recommendations of Ones and
Viswesvaran (1996) who recommend them over more narrow ones based on their superiority for selection
and explanation. Only reasoning was also included in the analysis as a general factor, since we believe that
in the case of reskilling, this factor is very important and can be a predictor of candidates’ competence
(Figure 2).

GENERAL FACTORS

Extraversion (E) Tough- Self-control (SC) Independence (1) Anxiety (A) + Reasoning (R)

mindedness (TM)

I I [ 1 I

Warm
Lively Lively Dominant .
Reserved Reactive
Bold . Rule- Bold .
. Unsentimental i .. Vigilant
Private . Conscious Vigilant )
i Practical i Apprehensive
Forthright .. Practical Open-to-
Traditional . Tense
Group- Perfectionistic Change
Oriented

PRIMARY FACTORS

Figure 2: General and primary personality factors in 16PF model. Source: Cattell, H., & Mead, A. (2008).

The connection between these personality factors and candidates’ success in acquiring new knowledge
and skills, as well as adapting to a new field of work in the area of information systems and technologies,
have been demonstrated in numerous studies (McCrae & Costa, 2003; Lee et al., 1995; Lounsbury et al.,
2014; Baumeister, 2018; Lounsbury et al., 2007; Lounsbury et al., 2003; Proost et al., 2008; McCarthy and
Goffin 2004; Hembree, 1988).

All personality factors were measured using an adapted version of Cattell’s 16PF personality test, fifth edition
(Cattell& Cattell, 1994). This questionnaire has good internal consistency reliability, on average 0,74
(Cronbach’s alpha ranged between 0.64 and 0.83) (Russell & Karol, 1994). The questionnaire was translated
into Serbian and standardized for the Serbian population (504 respondents aged 15 to 59 from all regions
of Serbia) (Cattell et al., 1994/2015). The questionnaire contained 185 questions, and all candidates were
informed that they would take 30-60 minutes to complete the test. They were expected to evaluate
statements related to everyday situations, behaviours, interests, and opinions. Candidate tests were
evaluated electronically. As the output of the test, 16 primary personality factors were combined to obtain
scores for the five general personality factors as it is presented in Figure 2. The examination and
interpretation of the results were carried out by an authorized person.

3.1.2 Sample

The research was conducted on 240 candidates who applied for the reskilling program. Among the
candidates there were 163 men and 77 were women, aged 21 to 59 years. Regarding education, 85
candidates had high school diplomas, 132 had bachelor’'s degrees, 16 had master’straits degrees, one
candidate had a PhD, and six of them did not give information about their education. The previous
occupations of the candidates were diverse: students, military personnel, economists, sociologists, law
graduates, engineers, pharmacists, journalists, and unemployed candidates. All participants completed the
electronic version of the test under the same conditions, in specially equipped rooms, and under the
supervision of a professional team.
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No process-sensitive personal data were collected. Specifically, no information was gathered regarding
physical, genetic, mental, or health condition; sexual lifestyle; race; ethnicity; economic or political opinion;
religious or philosophical conviction; or cultural or social identity. Only gender and education were recorded,
and this information was used exclusively to describe the sample, not for identification purposes; it does not
allow individual respondents to be identified. All respondents were clearly informed about (i) why the data
were being collected, (ii) how the data would be used, (iii) what type of information was being collected, and
(iv) the fact that data would be stored securely and fully anonymized, with no possibility of individual
identification. Informed oral consent was obtained from all participants, and the study was approved by the
Ethics Committee of the Faculty of Organizational Sciences, University of Belgrade (approval no. 04-04 br.
7/15-2023/2).

3.3 Phase 2 - DEA personality index assessment and candidates ranking

The personality index (Pl) of candidates was calculated using Data Envelopment Analysis (DEA), a non-
parametric method based on linear programming (Charnes et al., 1978), which enabled the creation of a
composite index, a set of sub-indicators for measuring multidimensional concepts that cannot be captured
by a single indicator (Savic & Martic, 2017). This approach combines individual performance indicators
without an a priori weight determination, allowing each candidate to define their own optimal set of weights
while being evaluated relative to all other candidates (Cherchye et al., 2007).

To create a DEA personality composite index by aggregating the candidate’s personality factors (which
represent sub-indicators), the model for constructing the “Benefit of the doubt” (Cherchye et al., 2007)
composite index was used. According to this model, when creating a composite index, m sub-indicators are
observed for n candidates, and the value yij of the sub-indicators (personality factor) for candidate j. Each
sub-indicator i have the following interpretation: if yij>yik, candidate j shows better results than candidate k
for the specific personality factor. The goal is to combine all individual sub-indicators with a composite
indicator referring to personality index. Pl is defined as the weighted sum of m sub-indicators (wi represents
the weight of the i-th sub-indicator). The weights are not determined as a priori but are chosen to maximize
the PI value for the candidate considered. The following basic output-oriented DEA model with a dummy
input indicator is used to assess the DEA personality index for each candidate j:

—_— m
Plk—n‘lmalgxziﬂyik * W;

subject to
Ty rwis1lj=1,..,n, (1)
w;= 0Vl=1, ey m

When solving the model, the weights w; are optimized to maximize the resulting value of the personality index Plk
for the k-th candidate under consideration. The highest relative weights are assigned to the sub-indicators for
which candidate j achieves the best results (in relative terms) compared to the other candidates in the sample.
Therefore, the candidates can be ranked according to the value of the DEA personality index Pl;, and the higher
the value, the better the relative performance. The proportion of necessary improvement of the personal factors for
an unsuitable candidate for reskilling program to become suitable compared to others, based on the Plx value can
be represented as (1 - Pl). This value indicates the difference between the candidate's current level of competence
and the level required for competency, as measured by their personality traits. So, the lower the Plk value, the more
development is needed for the candidate to reach competency relative to others.

DEA is an objective method, in which the optimal weights are derived from the data for each comparing unit
separately. The only restriction is that the weights should not be negative, and the other extreme is excluded, which
refers to the fact that one sub-indicator can be assigned all relative weights, which would then completely
determine the overall performance (personality) index (Cherchye et al., 2008). Running the above presented basic
DEA model as it stands could result in a zero-weight phenomenon (Cherchye et al., 2008) meaning that the impact
of some less competitive factors is ignored when assessing the personality index. The impact of factors can be
calculated as the product of its measure and assigned weight, called the virtual factor (y;; » w;). Therefore, several
candidates could be assessed as equally suitable, with a personality index of 1.00. To rank all candidates, we used
a super-efficiency-based DEA model (Andersen & Petersen, 1993). This model assumes that the first constraint is
changed to the following form:

Yayirwis1lj=1,..,n j*k (2
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4. Results

The results are presented and discussed as descriptive statistics for individual personality factors (4.1.), an
explanation of the composite index obtained by applying the DEA method (4.2.), and candidate rankings
using a super-efficiency-based DEA model (4.3.).

4.1 Descriptive statistics of individual personality factors

During data analysis, personality factors were observed individually using descriptive statistics. The values
of the factors for each candidate were obtained by converting the raw scores from tests into Sten scores
(Russell & Karol, 1994), using the ePONS electronic scoring system (Sinapsa edicije:
https://lwww.sinapsaedicije.rs). Raw scores were converted to Sten scores by applying the norms provided
in the 16PF manual (Russell & Karol, 1994; Cattell et al., 1994/2015). Table 1 shows the mean values of the
general personality factors (scale from 1 to 10) and standard deviations (SD) as a measure of dispersion.

Table 1: Mean and standard deviation of STEN personality factors value

. Tough-minded Self-control Independence . Extraversion
Reasoning (R Anxiety (A
9@ | m) (sC) ) A
Mean 7.841 6.700 5.719 5.642 4.032 5.335
SD 1.627 1.826 1.683 1.570 1.711 2.161

Candidates showed the best results in reasoning, which indicates the ability to acquire new knowledge and
ideas, particularly relevant for reskilling. All other factors averaged above five, except anxiety, which scored
slightly lower. In the context of reskilling, lower anxiety is desirable as it reflects greater emotional stability
and readiness for intellectually demanding tasks. Extraversion showed the largest standard deviation,
indicating the widest variability among candidates, while Independence showed the smallest, suggesting the
most consistent behavioural pattern.

4.2 DEA personality index

The DEA method was applied to create a composite index based on individual personal factors. The data
weighting of all factors as sub-indicators was performed automatically when solving the output-oriented
DEA method. The data were analyzed using the DEA solver software package (Cooper et al., 2006), and the
CCR-O radial method with a constant return to scale was applied.

According to the results obtained, it can be concluded that 76 of the 240 candidates whose personality
factors were analyzed were suitable for reskilling program (P1=1.00), while164 were relatively unsuitable
candidates for the program (P1<1.00). The candidate with the lowest Pl value (0.643) exhibits below-average
values across all personality factors. Table 2 displays descriptive statistics of personality factors for two
groups: relatively suitable (PI=1) and relatively unsuitable (PI<1) candidates for reskilling program.

Table 2: Mean and standard deviation of personality factors values across suitable and unsuitable

categories
Reasoning Tough-minded Self-control Independence Anxiety Extraversion
(R) (TM) (SC) U} (A) (E)
i Mean | 8.750 7.126 5.839 5.754 4.200 5.528
o SD 1.782 1.978 1.791 1.944 2.021 2.353
iy Mean | 7.421 6.503 5.663 5.590 3.954 5.246
o SD 1.370 1.728 1.639 1.372 1.553 2.075

In the suitable group, candidates exhibit superior values across all personal factors. This disparity is
particularly pronounced in Reasoning, where the difference in average values is especially notable, i.e. the
difference between two groups is equal to 1.329. Furthermore, it is interesting to note that 25 candidates have
one personality dimension with a virtual factor value of 1.0, while all other dimensions have a value of 0, and
in 25 cases that is reasoning. Descriptive statistics of the personality factors for those 25 candidates are
shown in Table 3.
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Table 3: Descriptive statistics of suitable candidates based on one personality dimension

R ™ SC | A E
Virtual factor values 1.000 0.000 0.000 0.000 0.000 0.000
Mean 10.000 6.396 5.148 5.364 3.952 4.720
SD 0.000 1.454 1.491 1.430 1.424 1.652

This result indicates that reasoning, with maximal values of 10 for all 25 candidates, is singled out as their
most important factor. Other personality dimensions with below-average values were marked as irrelevant
for a given candidate, as their relative weights were equal to 0. Examples are listed in Table 4.

Table 4: Examples of suitable candidates based on one personality dimension

Virtual factor values
Candidate Pl Rank R ™ SC | A E
1 1 1 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000
15 1 1 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000
16 1 1 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000
17 1 1 1.0000 0.0000 0.0000 0.0000 0.0000 0.0000

This result indicates that reasoning is singled out as the most important factor for those candidates (relative to
the observed group), a factor that completely determines their suitability for reskilling program. Other personality
dimensions were marked as irrelevant for a given candidate, as their relative weights were equal to 0.

In case of other candidates, there is not one personality dimension that constitutes their comparative
advantage (weight that has a value equal to 1.0) and suitability for program, but rather a combination of

several personality dimensions (Table 5).

Table 5: Examples of suitable candidates based on multiple personality dimensions

Virtual factor values
Candidate Pl Rank R ™ SC 1 A E
21 1 1 0.0160 0.0195 0.0000 0.0000 0.0000 0.9645
22 1 1 0.2397 0.0000 0.0000 0.7297 0.0000 0.0305
39 1 1 0.0000 0.1902 0.2285 0.1939 0.0820 0.3054
45 1 1 0.2436 0.3698 0.0000 0.2156 0.0000 0.1711

The most significant personality factors associated with candidate suitability were reasoning, self-control,
independence, and extraversion. Candidates whose current suitability score was driven primarily by tough-
mindedness and anxiety were flagged by HR experts as less promising candidates for the reskilling program
at this stage, as these dimensions are commonly associated with difficulties in adapting to change and novel
situations. Rather than being excluded outright, such candidates may benefit from preparatory interventions
targeting adaptability and stress management before entering the program, while candidates with stronger
current scores on reasoning, self-control, independence, and/or extraversion are better positioned to develop
the required competencies through training in the short term.

For example, Candidate 164 (Table 6) qualifies as suitable based on a single personality dimension, anxiety,
and would therefore not be recommended for the reskilling program at this point in time, though this reflects
the candidate’s current profile rather than a fixed limitation.

Table 6: An example of a suitable candidate with a pronounced anxiety dimension

Virtual factor values

Candidate

Pl

Rank

™

SC

164

1.000

1

0.0000

0.0000

0.0000

0.0000

1.0000

0.0000
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It would be advisable to replace such a candidate with one who shows a more pronounced level on one
of the “desirable” personality dimensions, such as reasoning or self-control, even if that candidate was
not classified as suitable at the time of selection (see Candidate 19, Table 7).

Table 7: An example of an unsuitable candidate with a pronounced dimension of self-control

Virtual factor values

Candidate Pl Rank R ™ SC | A E

19 0.996 79 0.0219 0.0000 0.8732 0.0604 0.0000 0.0445

A key advantage of the DEA method is that it allows assessment of the extent to which specific personality-
related behaviours need to be improved for a candidate to become more suitable for the reskilling program,
providing a basis for targeted development. It is important to emphasize that the aim is not to change
candidates’ personality traits themselves, but rather to influence and develop the behaviours grounded in
those traits, and to monitor the candidate’s overall developmental trajectory over time. Candidates initially
assessed as unsuitable may subsequently replace suitable ones if experts evaluate that they possess better
scores on key factors and that the necessary behavioural improvement is feasible through training (Lajcin
et al., 2023). This value projection, generated during the selection process, can thus serve as a basis for later
candidate development, particularly for improving the behaviours and competencies identified as lacking at
the point of selection.

The DEA method also allows decision-makers to adjust weights in line with expert preferences (Martic, 1999).
Pl is calculated as a weighted sum of personality factors, where each factor’s influence equals the product
of its assigned weight and factor value. Weight restrictions can be incorporated by setting upper and lower
limits on each factor’s influence on PI; for example, if self-control prevails with a weight of 0.873, a restriction
limiting its influence on 0.500 can be applied, redistributing influence across other factors. Objectively derived
limits based on statistical methods are also applicable (RadoijiCi¢, Savi¢ & Jeremic, 2018).

4.3 Candidates ranking

To rank 76 equally suitable candidates, a super-efficiency-based DEA model is employed in the subsequent
step. Similarly to the “benefit-of-doubt” DEA-based model, the super-efficiency-based DEA categorizes
candidates into two groups: unsuitable and suitable. In the case of unsuitable candidates, the Performance
Index (PI) remains below 1, indicating the extent to which (1-Pl) proportionally highlights factors for
improvement needed to achieve suitability for the reskilling program. The values of Pl and below-average
personality factors for the bottom five candidates are presented in Table 8.

Table 8: Personality factors of bottom five candidates

Personality factor values
Candidate Pl Rank R ™ SC | A E
95 0.719 236 7.0 5.2 4.5 5.4 2.6 3.8
133 0.706 237 7.0 2.7 4.2 4.8 4.6 0.4
240 0.693 238 5.0 5.1 1.4 3.8 5.2 45
197 0.673 239 5.0 6.3 52 4.5 1.1 3.8

Conversely, for suitable candidates, Pl values can exceed 1, allowing for the ranking of candidates. For
instance, among the top five candidates presented in table 6, candidate no. 238 stands out with a PI of
1.149, indicating a balanced structure of above-average Personality factor values. These values could be
lowered by 14.9% while still maintaining suitable status, resulting in a lower Pl value and rank. Several
candidates achieve top rankings due to exceptionally high values in certain Personality factors, which
compensate for others. For example, the extreme values of reasoning (R) and Thought-Mindedness (TM)
elevate candidate 101 into the top five group (Table 9).
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Table 9: Personality factors of top five candidates

Personality factor values
Candidate Pl Rank R ™ SC 1 A E
238 1.149 1 8.0 6.4 71 8.4 7.6 5.7
164 1.144 2 10.0 4.4 3.7 5.9 9.5 5.7
134 1.140 3 10.0 7.9 71 25 9.0 3.1
101 1.088 4 9.0 7.6 9.2 1.6 4.5 1.3
99 1.085 5 9.0 10.3 7.5 1.6 6.7 1.0

The descriptive crosstab analytics of the DEA results and demographic characteristics of the candidates
are shown in Table 10.

Table 10: Descriptive analytics of Super-efficiency based DEA model results

Suitable candidates Unsuitable candidates »
DEA
- - paw—ry - - - g
Personality Index (Pl) Super-suitable Suitable |Up-and-comer| Promising | Emerging [Developing &
>1 1 (0.9-1] (0.8-0.9] | (0.7-0.8] | (0.6-0.7]
. Number 51 25 98 57 6 3 240
Candidates
Percentage 21.25% 10.42% 40.83% 23.75% 2.50% 1.25%
High school (3Y) 1 1 2 1 0 0 5
High school (4Y) 9 6 34 27 2 2 80
University (3Y) 5 0 8 8 0 1 22
Education | University (4Y) 29 16 45 17 3 0 110
Master 1 7 0 0 16
PhD 0 0 0 0
Unknown 1 2 0 1 0 6
Female 16 8 29 20 3 1 77
Gender
Male 35 17 69 37 3 2 163

The suitable candidates are classified into two groups of “Super-suitable” (PI>1.0) and “Suitable candidates”
(P1=1.0). The main feature of 21.5% of super-suitable candidates is their ability to maintain competence even
with lower personality factor values (PI-1) which is not the case with the suitable group (10.42% of candidates).

Furthermore, candidates categorized as unsuitable are divided into four groups based on their Pl level. The
largest “Up-and-comer” group, comprising 40.83% of candidates, required a slight improvement of up to
10% in their personality traits. The next group, representing 23.75% of “Promising” candidates, must put
effort into enhancing their personality factors by 10 to 20%. The “Emerging” and “Developing” groups,
collectively accounting for 3.75% of candidates, constitute the smallest groups, whose members need to
significantly improve their personality factors by 20 to 40% to attain competence and eligibility for selection
in the reskilling program.

From an educational standpoint, 62.08% of all candidates hold university degrees, indicating a greater
inclination towards curiosity and readiness for reskilling and lifelong learning. Conversely, 32.45% have
completed high school. This example suggests that university-educated candidates may be more inclined
to undergo reskilling compared to those with only a high school education. Cross-evaluation with Pl values
reveal that candidates with master’s degrees are the most successful, with 26.36% classified in the “Super-
suitable” group. Following closely are candidates with 4-year undergraduate diplomas with 26.36% and
3-year undergraduate diplomas with 22.73% also classified in the “Super-suitable” group. There is no
difference in the success between gender groups: 21.47% of males and 20.78 of females are classified into
“Super-suitable” group.

By analyzing the rank of candidates according to competence based on personality factors and their
demographic characteristics, HR experts could gain a better insight into the candidate’s readiness to
successfully attend and complete the reskilling course and acquire the necessary knowledge and skills to
perform the job.
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Conclusion

The present study addressed two key questions: whether personality traits are relevant competencies for reskilling
selection, and whether the DEA method is an appropriate quantitative approach to support this process.

Regarding personality traits, the literature consistently shows their correlation with work performance across industries
(Bode et al., 2019; Lado & Alonso, 2017; Cubel et al., 2016; Hurtz & Donovan, 2000; Barrick & Mount, 1993), learning
outcomes (Laible et al., 2020; Hurtz & Donovan, 2000; Barrick & Mount, 1991), and employability (Neneh, 2020; Fletcher,
2013; Semeijn et al., 2005). Our results identified reasoning as the most important predictor of reskilling success, followed
by self-control, independence, and extraversion. Findings are consistent with previous research on skill acquisition and job
performance (Oakes et al., 2001), training excellence (Barrick & Mount, 1991), and dedication in IT occupations (Arora &
Adhaikari, 2015). Although personality traits are relatively stable, specific behaviours based on these traits can be modified
during the reskilling process (Sanghi, 2016), which further supports their relevance for candidate development, not only
selection.

Regarding the DEA method, the study confirms its suitability for personnel selection tasks (Wen et al., 2020; Taylan et al.,
2014; Lin, 2010). Compared to other quantitative approaches (Deehr, 2018; Afshari et al., 2014; Samanlioglu et al., 2018),
DEA offers an objective way to weigh personality criteria without imposing predetermined importance, as each candidate’s
weights are optimized individually based on their own strongest relative attributes. Since “optimal competence” is generally
unknown in advance (Sowlati & Paradi, 2004), DEA reframes candidate assessment not as an absolute pass/fail judgement
but as a relative comparison among peers, a more realistic basis for real-world selection decision.

Beyond producing a ranking, the DEA-based approach generates process-relevant information for each candidate: it
identifies the specific personality-related factors that are comparatively weak and estimates the magnitude of improvement
needed to reach the performance frontier defined by top-performing peers. In this sense, the model’s output functions not
as an endpoint but as a developmental pathway, specifying what needs to change and by how much. This establishes a
direct link between the two HR processes examined in this study: selection informs what needs to be developed and for
whom, while relatively suitable candidates additionally serve as reference profiles for the rest (Manoharan et al., 2009).

A key limitation of this study is that only personality traits were included as inputs. Future research should incorporate
skills, knowledge, abilities, and other qualifications, given that personality traits yield the highest predictive value when
combined with other selection tools (Kumar, 2019). Further research should also track candidate outcomes after reskilling,
including test results, acquired skills, and employment, to validate the selection criteria used in this study.

Declaration of generative Al and Al-assisted technologies in the manuscript preparation process

We acknowledge the use of Claude Al (claude.ai) in the preparation of this submission. Specifically, we used it for
grammatical proofreading and text editing. All ideas, analysis, and written content are the work of the authors.

REFERENCES

[1] Afshari, R. A., Nikolic, M., & Cockalo, D. (2014). Applications of fuzzy decision making for personnel
selection problem: A review. Journal of Engineering Management and Competitiveness (JEMC), 4(2), 68-77.
DOI: 10.5937/jemc1402068A

[2] Alderotti, G., Rapallini, C., & Traverso, S. (2023). The Big Five personality traits and earnings: A meta-
analysis. Journal of Economic Psychology, 94, 102570 https://doi.org/10.1016/j.joep.2022.102570

[3] Andersen, P. & Petersen, N.C., (1993). A procedure for ranking efficient units in data envelopment analysis.
Management science, 39(10), pp.1261-1264, DOI: 10.1287/mnsc.39.10.1261

[4] Arora, R., & Adhikari, B. (2015). A study on personality as predictor of dedication component of work
engagement. Arora, R. & Adhikari, B.(2013). A Study on Personality as Predictor of Dedication Component
of Work Engagement./nternational Journal of Development and Social Research, 2(1), 563-60. ISSN: 2249-
7293, Available at SSRN: https://ssrn.com/abstract=2636050 or DOI: 10.2139/ssrn.2636050

[5] Bahri, M. S. S., Shariff, S. S. R., & Yahya, N. (2022). Comparative analysis on decision criteria for port
personnel using hybrid Analytical Hierarchy Process (H-AHP). International Journal of the Analytic Hierarchy
Process, 14(3).

[6] Barrick, M. R., & Mount, M. K. (1991). The Big Five personality dimensions and job performance. Personnel
Psychology, 44, 1-26.

[7] Barrick, M. R., Mount, M. K. (1993). Autonomy as a moderator of the relationships between the Big Five
personality dimensions and job performance. Journal of Applied Psychology. 78 (1). pp. 111-118. DOI:
10.1037//0021-9010.78.1.111



Management: Journal of Sustainable Business and Management Solutions in Emerging Economies  2026/31(2)

[8] Barrick, M. R., Mount, M. K., & Judge, T. A. (2001). Personality and performance at the beginning of the
new millennium: What do we know and where do we go next? International Journal of Selection and
assessment, 9(1-2), 9-30

[9] Baumeister, R. (2018). Self-Regulation and Self-Control: Selected works of Roy F. Baumeister (1st ed.).
Routledge. DOI: 10.4324/9781315175775

[10] Bode, E., Ott, I., Brunow, S., & Sorgner, A. (2019). Worker personality: Another skill bias beyond education
in the digital age. German Economic Review, 20(4), e254-e294.

[11] Boyatzis, R. E. (1982). The competent manager: A model for effective performance. Wiley.

[12] Cattell, H., & Mead, A. (2008).The sixteen-personality factor questionnaire (16PF). SAGE Publications Ltd,
https://doi.org/10.4135/9781849200479

[13] Cattell, R. B. (1949). The dimensions of culture patterns by factorization of national characters.The Journal
of Abnormal and Social Psychology, 44(4), 443-469. DOI: 10.1037/h0054760

[14] Cattell, R. B., Cattell, A. K. S., & Cattell, H. E. P. (2015). 16 faktora licnosti — 16PF, 5. izdanje: Prirucnik [16
personality factors — 16PF, 5th ed.: Manual] (D. Mitrovic, S. Smederevac, & P. Colovic, Eds. of the Serbian
ed.). Belgrade, Serbia: Sinapsa edicije. (Original work published 1994)

[15] Charnes, A., Cooper, W.W., &Rhodes, E., (1978). Measuring the efficiency of decision-making
units.European Journal of Operational Research, 2 (6), 429-444, DOI: 10.1016/0377-2217(78)90138-8
[16] Cherchye, L., Moesen, W., Rogge, N. & Van Puyenbroeck, T. (2007). An Introduction to ‘Benefit of the Doubt’

Composite Indicators. Social Indicators Research, 82, 111-145.DOIl: 10.1007/s11205-006-9029-7

[17] Cherchye, L., Moesen, W., Rogge, N., Van Puyenbroeck, T., Saisana, M., Saltelli, A., Liska, R. &Tarantola,
S., (2008). Creating composite indicators with DEA and robustness analysis: the case of the Technology
Achievement Index. Journal of the Operational Research Society, 59(2), pp.239-251.,DOI:
10.1057/palgrave.jors.2602445

[18] Cooper, W. W., Seiford, L. M., & Tone, K. (2006). Introduction to data envelopment analysis and its uses:
with DEA-solver software and references. Springer Science & Business Media. 1-354. DOI:10.1007/0-387-
29122-9

[19] Cubel, M., Nuevo-Chiquero, A., Sanchez-Pages, S., & Vidal-Fernandez, M. (2016). Do personality traits
affect productivity? Evidence from the laboratory. The Economic Journal, 126(592), 654-681.

[20] Deehr, Joshua D. (2018). Improving Personnel Selection through Value Focused Thinking. Theses and
Dissertations. 1840. https://scholar.afit.edu/etd/1840

[21] Dehn, D.M. & Damitz, M., (2022). Do personality factors predict training performance? The use of a
personality questionnaire for air traffic controller selection. Aviation Psychology and Applied Human Factors,
12(2), 72-83. DOI: 10.1027/2192-0923/a000222

[22] Gelgor, E., & Can, S. P. (2025). Decision making in bank personnel selection using the analytical hierarchy
process. Information Technology in Economics and Business, 2(1), 12-17.

[23] Hembree, R. (1988). Correlates, causes, effects, and treatment of test anxiety.Review of Educational
Research, 58, 7-77. DOI: 10.3102/00346543058001047

[24] Hurtz, G. M., & Donovan, J. J. (2000) Personality and Job performance: The big five revisited.
Journal of Applied Psychology, 85(6), 869-879.

[25] Fletcher, J. M. (2013). The effects of personality traits on adult labor market outcomes: Evidence from
siblings. Journal of Economic Behavior & Organization, 89, 122-135. doi:10.1016/j.jeb0.2013.02.004

[26] Fantozzi, I. C., Di Luozzo, S., & Schiraldi, M. M. (2024). On tasks and soft skills in operations and supply
chain management: Analysis and evidence from the O*NET database. The TQM Journal, 36(9), 53-74.

[27] Jex, S. M., & Britt, T. W. (2008). Organizational psychology: A scientist-practitioner approach. John Wiley
& Sons.

[28] Johnson, S. A., & Zhu, J. (2003). Identifying “best” applicants in recruiting using data envelopment analysis.
Socio-Economic Planning Sciences, 37(2), 125-139.

[29] Judge, T. A, Higgins, C. A, Thoresen, C. J., &Barrick, M. R. (1999) The Big Five Personality Traits, General
Mental Ability, and Career Success across the Life Span. Personnel Psychology. 52 (3). pp. 621-652 DOI:
10.1111/j.1744-6570.1999.tb00174.x

[30] Kumar, R., (2019). The use of personality testing in personnel selection. CMC Senior Theses. 2038.
https://scholarship.claremont.edu/cmc_theses/2038

[31] Lado, M., & Alonso, P. (2017). The Five-Factor model and job performance in low complexity jobs: A
quantitative synthesis. Revista de Psicologia del Trabajo y de las Organizaciones, 33(3), 175-182.

[32] Laible, M. C., Anger, S., & Baumann, M. (2020). Personality traits and further training. Frontiers in
psychology, 11, 510537.

[33] Lajcin, D., Misko, D., & Vojtilova, V. (2023). Assessment of links between personality traits and soft skills
in the work environment. Polish Journal of Management Studies, 28.

[34] Langovic, Z., Pazun, B., Grujcic, Z., Nikolic, M., Langovic Milicevic, A., & Ugrinov, D. (2025). MCDM
approach combining DEA and AHP methods in sustainable tourism: Case of Serbia. Journal of Scientific
& Industrial Research, 84(2), 183-195.

[35] Lee, D. M. S., Trauth, E. M., &Farwell, D. (1995). Critical skills and knowledge requirements of IS
professionals: A joint academic industry investigation.MIS Quarterly, 19(3), 313 -340, DOI: 10.2307/249598

53



54

Ivana Kuzet, Ivana Kovacevié¢, Gordana Savi¢, Jelena Andelkovi¢ Labrovi¢, Ivona Zivkovi¢ 2026/31(2)

[36] Lin, H.-T. (2010). Personnel selection using analytic network process and fuzzy data envelopment analysis
approaches. Computers & Industrial Engineering, 59(4), 937-944. doi:10.1016/j.cie.2010.09.004

[37] Lounsbury, J. W., Loveland, J. M., Sundstrom, E., Gibson, L. W., Drost, A. W., & Hamrick, F. (2003). An
investigation of personality factors in relation to career satisfaction.. Journal of Career Assessment, 11(3),
287-307,D0I: 10.1177/1069072703254501

[38] Lounsbury, J. W., Moffitt, L., Gibson, L. W., Drost, A. W., & Stevens, M. (2007). An investigation of
personality traits in relation to job and career satisfaction of information technology professionals. Journal
of Information Technology, 22(2), 174-183. DOI: 10.1057/palgrave.jit.2000094

[39] Lounsbury, J. W., Sundstrom, E., Levy, J. J., & Gibson, L. W. (2014). Distinctive personality factors of
information technology professionals. Computer and Information Science, 7(3), 38, DOI:
10.5539/cis.v7n3p38

[40] Manoharan, T. R., Muralidharan, C., & Deshmukh, S. G. (2009). Employee performance appraisal using
data envelopment analysis: A case study. Research and Practice in Human Resource Managemet, 17, 92-
101.

[41] Marti¢, M., (1999). Analiza obavijenih podataka sa primenama. FON, Beograd.

[42] McCarthy, J. M., & Goffin, R. D. (2004). Job interview anxiety: Beyond weak knees and sweaty
palms.Personnel Psychology, 57, 607-637. DOI: 10.1111/j.1744-6570.2004.00002.x

[43] McClelland, D. C. (1973). Testing for competence rather than for “intelligence”. American Psychologist,
28(1), 1-14.

[44] McCrae, R. R. & Costa, P. T. (2003). Personality in adulthood: A five-factor theory perspective (2nd ed.).
Guilford Press New York, NY, US

[45] Megawaty, D. A., Damayanti, D., Sumanto, S., Permata, P., Setiawan, D., & Setiawansyah, S. (2025).
Development of a Decision Support System Based on New Approach Respond to Criteria Weighting
Method and Grey Relational Analysis: Case Study of Employee Recruitment Selection. JOIV: International
Journal on Informatics Visualization, 9(1), 314-323.

[46] Mrdak, A., & Nanusevski, T. (2023). Evaluating the employment efficiency of IT candidates using data
envelopment analysis. Acadlore Trans. Appl. Math. Stat, 1(1), 10-21.

[47] Nalbant, K. G. (2024). A methodology for personnel selection in business development: An interval type 2-
based fuzzy DEMATEL-ANP approach. Heliyon, 10(1). €23698

[48] Neneh, B. N. (2020). An empirical study of personality traits, job market appraisal and self-perceived
employability in an uncertain environment. Higher Education, Skills and Work-Based Learning, 10(1), 255-
274.

[49] Oakes, D.W., Ferris, G.R., Martocchio, J.J. et al. (2001). Cognitive Ability and Personality Predictors of
Training Program Skill Acquisition and Job Performance. Journal of Business and Psychology 15, 523-
548. DOI: 10.1023/A:1007805132107

[50] Obradovic V, Kovacevic |, Kuzet I, & Manojlovic M., (2024). The Sustainability of Reskilling Projects Based
on Employees’ Readiness for a Career Shift: Pursuing Sustainable Careers by Transitioning into IT
Professions. Sustainability.16(2):709. DOI: 10.3390/su16020709

[51] Ones, D. S., & Viswesvaran, C. (1996) Bandwidth-fidelity dilemma in personality measurement for
personnel selection. Journal of Organizational Behavior, 17, 609- 626

[52] Proost, K., Derous, E., Schreurs, B., Hagtvet, K. A., &De Witte, K. (2008). Selection test anxiety: In-
vestigating applicants’ self- vs other-referenced anxiety in a real selection setting. International Journal of
Selection and Assessment, 16, 14-26. DOI: 10.1111/j.1468-2389.2008.00405.x

[53] Radojicic, M., Savic, G., & Jeremic, V. (2018). Measuring the efficiency of banks: the bootstrapped I-
distance GAR DEA approach. Technological and Economic Development of Economy, 24(4), 1581-1605.

[54] Robertson, I. T., Baron, H., Gibbons, P., Maclver, R., & Nyfield, G. (2000). Conscientiousness and
managerial performance. Journal of Occupational and Organizational Psychology, 73(2), 171-180.

[55] Russell, M. T., & Karol, D. (1994). 16PF Fifth Edition administrator’s manual. Champaign, IL: Institute for
Personality and Ability Testing, Inc.

[56] Salehzadeh, R., & Ziaeian, M. (2024). Decision making in human resource management: a systematic
review of the applications of analytic hierarchy process. Frontiers in Psychology, 15, 1400772.

[57] Salgado, J. F. (1998). Big five personality dimensions and job performance in army and civil
occupations: A European perspective. Human Performance, 11(2-3), 271-288.

[58] Samanlioglu, F., Taskaya, Y. E., Gulen, U. C., & Cokcan, O. (2018). A fuzzy AHP-TOPSIS-based group
decision-making approach to IT personnel selection. International Journal of Fuzzy Systems, 20, 1576-1591.

[59] Sarikaya, H. A. (2025). A Hybrid MCDM Model for Personnel Evaluation: Integrating AHP, Fuzzy TOPSIS
and VIKOR with Composite Scoring. Uygulamaly Miihendislik ve Tarym Dergisi, 2(1), 44-71.

[60] Savic, G. & Martic, M., (2017). Composite indicators construction by data envelopment analysis:
Methodological background. In Emerging Trends in the Development and Application of Composite
Indicators (pp. 98-126). IGI Global. DOI: 10.4018/978-1-5225-0714-7.ch005

[61] Semeijn, J., Boone, C., Van der Velden, R., & van Witteloostuijn, A. (2005). Graduates’ personality
characteristics and labor market entry an empirical study among Dutch economics graduates. Economics
of Education Review, 24(1), 67-83.



Management: Journal of Sustainable Business and Management Solutions in Emerging Economies  2026/31(2)

[62] Sanghi, S, S. (2016). The Handbook of Competency Mapping: Understanding, Designing and Implementing
Competency Models in Organizations, 3rd ed.SAGE

[63] Sowlati, T., & Paradi, J. C. (2004). Establishing the practical frontier in data envelopment analysis. Omega,
32(4), 261-272.DOI: 10.1016/j.omega.2003.11.005

[64] Spencer, L. M., Jr., & Spencer, S. M. (1993). Competence at work: Models for superior performance. New
York, NY: John Wiley & Sons.

[65] Stanujkic, M., Popovic, G., Karabasevic, D., Sarcevic, M., Stanujkic, D., & Novakovic, S. (2024). Approach
to the personnel selection in a group decision-making environment based on the use of the MULTIMOORA
and PIPRECIA-S methods. Bizinfo, 15(1), 19-26. doi:10.5937/bizinfo2401019S

[66] Taylan, O., Alidrisi, H., & Kabli, M. (2014). A multi-criteria decision-making approach that combines fuzzy
topsis and DEA methodologies. South African Journal of Industrial Engineering, 25(3), 39-56.

[67] Trapmann, S., Hell, B., Hirn, J. W., & Schulder, H. (2007. Meta-Analysis of the relationship between the big
five and academic success at university. Journal pf Psychology. 215(2), 132-151. doi:
10.1027/0044-3409.215.2.132

[68] Van Eijck, C. J. M., & De Graaf, P. M. (2004). The Big Five at school: The impact of personality on
educational attainment.The Netherlands. Journal of Social Sciences 40(1), 24-40.

[69] Vinchur, A. ., Schippmann, J. S. Switzer, F. S., & Roth, P. L. (1998), A meta-analytic review of
predictors of job perfromance of salespeople. Journal of Applied Psychology, 83, 586-597.

[70] Warning, S. (2014). How to pick your staff? Using data envelopment analysis. Management Research
Review, 37(9), 815-832.

[711Wen, M., Yu, X., & Wang, F. (2020). A new uncertain DEA model and application to scientific research
personnel. Soft Computing, 24(4), 2841-2847.

[72] Wong, S.-C. (2020). Competency Definitions, Development and Assessment: A Brief Review. International
Journal of Academic Research in Progressive Education and Development, 9(3), Pages 95-114. DOI:
10.6007/IJARPED/v9-i3/8223

[73] Ziemba, P. (2023). Comparison of multi-criteria decision aiding methods in the problem of employee
recruitment. Procedia Computer Science, 225, 2704-2713.

[74] Council of the European Union. (2024, December 2). Tackling labour and skills shortages in the EU: Council
approves conclusions [Press release]. https://www.consilium.europa.eu/en/press/press-
releases/2024/12/02/tackling-labour-and-skills-shortages-in-the-eu-council-approves-conclusions/

[75] European Commission, Directorate-General for Employment, Social Affairs and Inclusion. (2024). Pact for
Skills annual report 2023. Publications Office of the European Union. https://pact-for-
skills.ec.europa.eu/community-resources/publications-and-documents/pact-skills-annual-report-2023_en

[76] OECD/Cedefop/European Commission/ETF/ILO/UNESCO. (2024). Skills policies for resilience. OECD.
https://www.oecd.org/content/dam/oecd/en/topics/policy-issues/adult-skills-and-
work/Skills_Policies_for_Resilience.pdf

[771OECD. (2025). Bridging the Al skills gap: Is training keeping up? OECD Publishing.
https://www.oecd.org/content/dam/oecd/en/publications/reports/2025/04/bridging-the-ai-skills-
gap_b43c7c4a/66d0702e-en.pdf

[78] World Economic Forum. (2025). The future of jobs report 2025. World Economic Forum

Received: 2026-05-08
Revision requested: 2026-08-15
Revised: 2026-09-07(1 revision)
Accepted: 2026-09-16

S/ S S S S S S /S Aoutne huthors

Ivana Kuzet
University of Belgrade, Faculty of Organizational Sciences
ivana.kuzet@fon.bg.ac.rs

Ivana Kuzet is a doctoral candidate in Quantitative Management at the Faculty of
Organizational Sciences, University of Belgrade, where her research has focus on
competency assessment and development. For 10 years, she has been teaching at the
Faculty of Organizational Sciences in the fields of Business Psychology, Employee
Competency Planning and Development, Group dynamics and interpersonal relations,
while also applying this expertise professionally through projects in employee selection,
motivation, and professional development. She is the author of several scientific papers
and a monograph on motivation and leadership.

55



56

Ivana Kuzet, Ivana Kovacevié¢, Gordana Savi¢, Jelena Andelkovi¢ Labrovi¢, Ivona Zivkovi¢ 2026/31(2)

Ivana Kovacevi¢
University of Belgrade, Faculty of Organizational Sciences
ivana.kovacevic@fon.bg.ac.rs

Ivana Kovacevic is a full professor at the University of Belgrade, Faculty of Organizational
Sciences, Chair of Human Resource Management, with over 20 years of experience in
teaching academic courses in the field of psychology in human resource management.
She graduated in Psychology and obtained a PhD in Psychology at the Faculty of
Philosophy (University of Belgrade). Her area of scientific interest is in experimental and
survey-based research covering cognitive ergonomics and psychological topics in
HRM. She is the author and co-author of numerous research and conference papers
covering a wide range of personal side of organization and management topics.

Gordana Savic
University of Belgrade, Faculty of Organizational Sciences
gordana.savic@fon.bg.ac.rs

Gordana Savi¢ is a full professor in the Operational Research, Performance and
Business Analytics at the University of Belgrade, Faculty of Organizational Sciences.
She received a PhD degree in Operations Research from the University of Belgrade,

Faculty of Organizational Sciences in 2012. She has been head of Laboratory for
Operational Research and Centre for Efficiency Analysis and head of undergraduate
module on Business Analytics. Currently she holds a position of Vice dean for
postgraduate studies.

Her research interests include Analytics with a focus on business analytics, performance
analytics, efficiency analysis, mathematical modelling and optimization. Gordana is an
author or co-author of more than 150 scientific and research papers. Among them, more
than 37 are monograph chapters and papers in leading scientific journals including
European Journal of Operational Research, Expert Systems with Application, Higher
Education and Scientometrics. Gordana serves as a reviewer, editor and guest editor in
several leading international and national journals. She also was a participant,
coordinator, or leader of a wide range of practical projects and training courses in the
fields of Analytics, ICT consulting, business and performance analytics, mathematical
modelling and optimization.

Jelena Andelkovi¢ Labrovic¢
University of Belgrade, Faculty of Organizational Sciences
jelena.andjelkovic.labrovic@fon.bg.ac.rs

Jelena Andelkovi¢ Labrovic is an Assistant Professor at the University of Belgrade, Faculty
of Organizational Sciences, Department of Human Resources Management. She teaches
the following subjects: Training and Development, E-learning, Human Resource
Management and International Human Resource Management. She has a Practitioner
Diploma in Executive Coaching, Academy of Executive Coaching (AcEC), recognized by
International Coaching Federation (ICF) and European Mentoring and Coaching Council
(EMCC). For more than 15 years she worked as a consultant, trainer, business coach
and mentor in the field of employee development. As an academic researcher she has
authored or co-authored more than 60 research papers and participated in the
implementation of several academic projects in the field of human resources. She is co-
author of the book Employee Training and Development.

Ivona Zivkovié¢
University of Belgrade, Faculty of Organizational Sciences
ivona.zivkovic@fon.bg.ac.rs

Ivona Zivkovi€ is a teaching assistant and PhD candidate in Sociology. She has been
employed at the Faculty of Organizational Sciences, University of Belgrade, since 2019.
Her area of expertise is the sociology of work and technology, with a focus on the
impact of artificial intelligence on professional work. In her doctoral research, she
specializes in the professions of law, architecture, human resource management, and
higher education.




