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THE IDENTIFICATION OF TRAINING NEEDS FOR
HUMAN CAPITAL QUALITY IMPROVEMENT IN
POLAND – A STATISTICAL APPROACH
Marta Dziechciarz–Duda1, Józef Dziechciarz2
ABSTRACT
The Ministry of Science and Higher Education has launched the Competency Development Programme in the form of additional financial means for activities to
equip students with unique, the so-called soft skills necessary in scientific careers
and on the labour market. Courses developing skills such as team work ability,
leadership, creativity, independent thinking and innovative approach to problem
solving will be financed.
For that purpose, a thorough analysis of needs is necessary. Existing databases
describing the quality of human capital in Poland should be analysed in order to
identify those competencies that graduates of universities are missing.
The arsenal of possible statistical tools applicable for that purpose covers a wide
range of techniques, from the simplest methods of descriptive statistics to advanced multivariate statistical analysis.
The study will attempt to identify the missing soft competences based on existing
statistical data, e.g. Polish human capital database.
Key words: soft competencies, human capital, statistical methods.

1. Introduction
The European and National Qualification Frameworks define the output of
education in terms of knowledge, skills and personal attitudes. Although there is
no direct indication on weights attributed to those three groups of teaching and
learning results, one may expect some kind of equilibrium. The reality in higher
education (and similarly in other segments of education and training system) is
such that students are assessed mainly for knowledge than for skills, and in a minimal degree for acquired personal attitudes (here referred to as soft skills).
On the other hand, employers declare a completely opposite hierarchy of expected employee’s characteristics. The most important are soft skills, than skills,
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and knowledge, although desirable, is considered as additional, supplementary
criterion. In a 2015 survey, 77 percent of employers surveyed by CareerBuilder said they were seeking candidates with soft skills, and 16 percent of the respondents considered such qualities more crucial than hard skills (see for example
The 10 Unique Soft Skills … (2015), Why Attitude is more Important … (2015).
Similar results for Polish employers have been found in Dziechciarz et. al (2006),
Kurkliński and Maszybrocki (2008), Maszybrocki (2010). An extensive literature
review on the topic may be found in Getting Youth … (2013).
In response to this challenge, the Ministry of Science and Higher Education
launched in mid-2015 the Competency Development Programme in the form of
additional financial means for activities to equip students with unique, the socalled soft skills necessary in scientific careers and on the labour market. Courses
developing skills such as teamwork ability, leadership, creativity, independent
thinking and innovative approach to problem solving will be financed.
To guarantee the Competency Development Programme is a success, a thorough analysis of needs is necessary, including the assessment of compliance
(convergence) of the declared level (self–assessment) of possessed soft competences with the declared employer’s needs (demand – supply analysis). Existing
databases describing the quality of human capital in Poland should be analysed in
order to identify those competencies that graduates of universities are missing.
The possible approach to assess the level of soft skills is to measure it in tests
proving that a person is able to use an individual skill, (on a given level. Such
objective measurement is extremely expensive and time-consuming, and requires
frequent updates of results. This is the reason that the most widespread mode of
the assessment of the level of soft skills is the subjective approach. The respondent declares to which extend she/he is able to use an individual soft skill.
The natural arsenal of tools for the purpose of looking into large database of
self-assessment statements is the multivariate statistical analysis framework, starting with basic descriptive statistics, along with correlation and dependence
measures, factor and correspondence analysis, to classification techniques.

2. The objective of the analysis
The objectives of the analysis of compliance (convergence) of the declared
level (self-assessment) of possessed soft competences with the declared employer
needs (demand – supply analysis) are the following.
– Identifying the desired (by employers) competence profile and its confrontation with the declared (by potential employees) possession level of soft skills.
– Assessment of compliance (convergence) of the declared needs for soft competences (demand, employers’ declarations) with the declared possession of
soft competences (supply, potential employee declarations).
– Credibility assessment of respondents' declarations.
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And additionally:
– Priority setting, whether demand or supply determines the directions of trainings.
– Decomposition (identification) of convergent and divergent indications.
– Testing of the applicability of selected multivariate statistical analysis tools
and techniques for the purpose of soft skills analysis.
The fifth edition of the Study of Human Capital in Poland was selected as the
main source of statistical data. The details of the study and the source data are
available on the web page of the study (http://en.bkl.parp.gov.pl). The study will
be referred to as BKL in further text. The database used contains information
coming from a large number of respondents (http://bkl.parp.gov.pl/bazy–
danych14). It covers over 64,000 employers and 70,890 of potential employees3.
The database used for analysis in this article was created during the implementation of the 2014 edition of the Project Study of Human Capital in Poland. The
database will be referred to as BKL2014 in further text.

2. Soft competencies
The classification of soft competencies, developed for the purposes of the
Study of Human Capital in Poland, consists of twelve groups, both for employees
and for employers. The list includes the following soft competences:
Table 1. The classification of soft competencies developed for the purposes of the
Study of Human Capital in Poland
Symbol
C01
Z01
C02
Z02
C03
Z03
C04
Z04
C05
Z05
C06
Z06
C07
Z07
C08
Z08
C09
Z09
C10
Z10
C11
Z11
C12

Z12

Soft competency description
Seeking and analysis of information, and drawing conclusions
Technical imagination, handling and repairing technical devices
Performing calculations
Working with computers and using the Internet
Artistic and creative skills
Physical fitness
Self-organisation of work and showing initiative
Contacts with other people
Organisation and conducting office work
Managerial skills and organisation of work
Availability
Fluent use of Polish language (linguistic correctness, wide vocabulary, ease of speaking)

Note: the symbols with description C refer to Employees, the symbols with description Z
refer to Employers. The soft competencies for Employees are further classified
into subcategories. The list of subcategories is given in Appendix.
Source. BKL http://bkl.parp.gov.pl.
3
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2.1. Decomposition of competences in accordance with respondents’ characteristics
In order to see the basic characteristics of the declared level of possessed soft
competences, the simple plots have been used. The respondents with higher education diploma (least numerous group) manifest a relatively high self-assessment
with low variability. Respondents with basic education show a much lower level
of soft competences, accompanied with a much higher variability (figure 1).
As it was expected, the respondents with secondary education show a more
optimistic picture of their soft competences than people with basic education and
less favourable in comparison with those with higher education.
Such statements give moderate, cautious ground to assess that respondents
carefully formulate their self-assessment, at least in accordance with the level of
their education. It gives some reasoning for the use of subjective statements as the
basis for analysis.
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Figure 2. Box and whiskers plots, the level of possessed soft competences, declaration of potential employees broken down by educational groups
Source: Own calculation on data from BKL2014.

In order to identify soft competences, which have a tendency to strongly correspond with the level of education, the PROFIT analysis (PROperty FITting) has
been used. The results of multidimensional scaling approach are illustrated in
Figure 2. The obtained preference map is the basis for the assessment of the rela-

727

STATISTICS IN TRANSITION new series, December 2016

tions and interdependence between the objects and the respondents. PROFIT
analysis creates the vector preference map, combining the perceptual map obtained by multidimensional scaling with the data on the preferences towards the
surveyed objects from the point of view of their characteristics. This method puts
together the results of multidimensional scaling and multiple regression analysis
(see, e.g. Zaborski, (2013); Walesiak and Gatnar, (2004)).
A disquieting issue coming from the results is an observation on respondents
with higher education. It shows that the level of education has a prevailing role in
the self-assessment of the soft skill level. It would be more credible, provided
young academics judge their skill in more moderation.
The labour market situation of a respondent (employed, unemployed) does not
differentiate declarations of soft skills self-assessment.
0,6

0,4

C 10
C9

C3

C8

0,2

Basic education
Unemployed and inactive

Dimension 2

0,0

Employed

General (secondary education)

-0,2

C1
C7
-0,4

Higher education

-0,6

C4
-0,8

-1,0
-1,5

The graduates

-1,0

-0,5

0,0

0,5

1,0

1,5

2,0

Dimension 1

Figure 1. Evaluation of the level of competencies by employment and education
Source: Own calculation on data from BKL2014.

In order to identify soft competences, which have a tendency to strongly correspond with the age groups and level of education, the correspondence analysis
has been performed. The upper part of Figure 2 illustrates the coincidence of the
respondents’ education level (4 categories) combined with the age of respondents
(3 categories), along with a subjective evaluation of her/his soft competences.
In the case of all three analysed competencies, the achieved percent of total
inertia described in the two first dimensions reached a value of around 99%, individual inertia vary from 83.41% to 90.36% for the first dimension; and 8.69% to
14.87% for the second dimension.
In the study, a variant of correspondence analysis for many nominal variables
was used, i.e. with multi-dimensional contingency matrix. A comprehensive description of the algorithm of the correspondence analysis, computational details,
and its applications can be found in the classic text by Greenacre, [1984] or other
descriptions, e.g. Stanimir [2005]. The data that was used for calculations describes the situation in Poland in 2014; BKL2014 database, analysed data subset:
study of working-age population (70890 respondents).

M. Dziechciarz–Duda, J. Dziechciarz: The identification of …

728

C01: seeking and analysis of information, and drawing conclusions
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Figure 3. Correspondence analysis of self-assessment of soft skills
combined with education and age groups
Source: Own calculations on data from BKL2014.
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The visualized output of correspondence analysis with multi-dimensional contingency matrix gives more ground for approving the respondents’ ability to a fair
assessment of their soft competences. On may observe that the level of education
and age groups strongly correspond with the declared level of soft competences.
This correspondence is true for all three analysed competences.
2.2. Analysis for selected job type. Accountant
General inference for the whole sample of respondents may be used for general purposes only. The specific job type requires specific skills in general, and
specific soft skills in particular. In Figure 4, a schematic match of the demand side
with the supply side of competencies is shown. It this particular situation, the
demand and supply of competencies for accountancy job.

Figure 4. Schematic match of demand side with supply side of competencies
Source: Own elaboration based on BKL.

An attempt to compare expectations on the employers’ side with the employee’ judgement gives interesting insight into differences.
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Figure 5. Importance of soft skills. Assessment by employers of accounting department and self-assessment by employees
Source: Own calculations on data from BKL2014.
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For the employer, the ability of effective work goes first. The employee looks
for a good working atmosphere. The most substantial difference one may see in a
high position of working with computers and using the Internet competence,
ranked very high in employers’ hierarchy, and low in employee’s hierarchy. The
difference in other direction is manifested by competence: contacts with other
people, either with colleagues or customers. As shown in Figure 5, it is very high
in employees’ hierarchy, and considered not so important by employers (the discussed competence is divided into sub-competences on the side of the employee,
details in Appendix).
2.3. Comparison of the assessment of competencies
Evaluation of self-assessment of competencies for various positions gives insight into the way employees consider their ability to take responsibility working
on particular positions. In order to identify soft competences, which have a tendency to strongly correspond with the job type illustrated in Figure 6 and 7, the
PROFIT analysis has been used once more. In Figure 6 the supply (employee)
side is shown. One may easily see groups of jobs (e.g. customer advisor, HR specialist) with set of soft competencies (subcategories, the list in Appendix).
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Figure 6. Evaluation of competencies for various positions (selfassessment, supply side; (subcategories, list in Appendix)
Source: Own calculations on data from BKL2014.

Evaluation of competencies for various positions required by employers gives insight into the way employers consider the set of skills
needed to take responsibility working on particular positions. One may
easily see groups of jobs with a set of soft competencies. To large extent, the sets shown in Figure 6 and 7 are the same (similar), but some
differences might be seen in the assessment of job requirements with
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respect to soft skills.
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Figure 7. Evaluation of competencies for various positions (employer;
demand side)
Source: Own calculations on data from BKL2014.

2.4. Classification of soft competencies
For more formalised insight into the similarities and differences of demand
and supply side assessment, the classification study has been performed. The
competences that are most needed to perform the position of an accountant were
used as an exercise example. For classification, the hierarchical agglomerative
method was used. This method proved to be most efficient in the sense of the
carried out simulation experiment, Walesiak, Dudek, (2009). The technique provides a large homogeneity of identified classes. Due to the variable nature, the
Generalized Distance Measure (GDM) technique for non-metric data was applied.
Dist.GDM procedure of the platform R was used from clusterSim package.
Dist.GDM procedure calculates Generalized Distance Measure for variables
measured on ordinal scale or metric scale (ratio & interval). GDM2 method was
used for variables measured on ordinal scale. Average method was employed
for the classification. This hierarchical agglomeration technique is available in the
hclust (stats package) of program R. As a result, a dendrogram was obtained.
Two experiments has been done. The results of classification on the demand
side, employer, are displayed in Figure 8. Nine variables describing the assessment of the importance of competences formulated by employers were used for
the classification.
The symbols in Figures 8 and 9 stand for: 1 – Seeking and analysis of information, and drawing conclusions; 2 – Performing calculations; 3 – Working with
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computers and using the Internet; 4 – Self-organisation of work and showing initiative (organisation and conducting office work on time); 5 – Contacts with other
people, either with colleagues or customers; 6 – Organisation and conducting
office work; 7 – Managerial skills and organisation of work; 8 – Availability; 9 –
Fluent use of Polish language (linguistic correctness, wide vocabulary, ease of
speaking).

Figure 8. Dendrogram build on variables depicting employers’ evaluation of the
level of importance for soft competencies (demand side)
Source: Own calculations.
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From the results, it might be seen that despite differences the classifications
are relatively similar. It has consequences for training design, and for recruitment
policy.

3. Conclusions
In conclusion, it might be stated that, on the general level (for all respondents), there exists substantial compliance (convergence) of the declared level
(self-assessment) of possessed soft competences with the declared employer’s
needs (demand side). This statement is also true for specific job types.
It means that in practice the competence profile desired by employers finds
fulfilment in the declared (by potential employees) possession level of soft skills.
The statements on compliance are true conditionally, depending on the level
of credibility assessment of respondents’ declarations. Inferences draw from statistical analysis give ground for a careful acknowledgement that the statements
contained in self-assessment may be considered true.
An important question on priority setting, whether demand or supply determines the directions of trainings, may be answered by saying that due to substantial similarity between statements on demand and supply side this question proved
to be not crucial.
The identification of divergent indications should be done on a disaggregated
level. Individual job types may produce such divergent indications, especially in
situations in which the employee stresses the importance of work atmosphere, and
the employer seeks for work efficiency and effectiveness.
For solving the listed research problems, selected multivariate statistical analysis tools and techniques proved their applicability, especially for the purpose of
soft skills demand and supply analysis.
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APPENDIX
The classification of some of employees’ soft competencies is further divided
into subcategories.
Table 2. The subcategories of employees’ soft competencies
Symbol
C01_1
C01_2
C01_3
C03_1
C03_2
C04_1
C04_2
C04_3
C07_1
C07_2
C07_3
C07_4
C07_5
C08_1
C08_2
C08_3
C08_4
C10_1
C10_2
C10_3
C11_1
C11_2

Description of soft competency subcategories
quick summarizing large amounts of text
logical thinking, analysis of facts
continuous learning of new things
perform simple calculations
perform advanced mathematical calculations
basic knowledge of MS Office package type
knowledge of specialized programs, writing programs, Web pages
use of the Internet
independent decision making
entrepreneurship, initiative
Creativity
resistance to stress
timely implementation of planned activities
cooperation within the group
easy networking with colleagues
being communicative
resolving conflicts between people
assigning tasks to other employees
coordinating the work of other employees
disciplining other employees
frequent trips
flexible working hours

