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The purpose of this paper is to examine differences in earnings in Poland with respect to the level
of soft skills. The study is based on data from a nationwide survey on human capital conducted in
2014. Eight types of soft skills are considered: entrepreneurship and initiative, resistance to stress,
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groups of individuals declaring low, medium, and high levels of soft skills are compared using
statistical methods, namely kernel estimation, one-way ANOVA on ranks, and relative distributions.
The analysis leads to the conclusion that earnings distributions vary substantially with respect to
the level of soft skills. The largest differences are observed for skills such as entrepreneurship and
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the literature on the relationship between the level of soft skills and earnings.
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Introduction

Knowledge and skills — essential elements of human capital — have a key role in stimulating
economic growth and affect well-being and social cohesion (Healy and Cété, 2001). Resources of
knowledge and competences influence the success of individuals and societies, especially in the
information era. In a rapidly changing world, human capital continues to gain importance. Having
and developing specific skills becomes necessary in the labor market and gives individuals a
competitive advantage. A common approach is to divide skills into hard and soft ones. Hard
competences and their influence on the labour market outcomes are better recognized and
described. Fewer quantitative studies are dedicated to soft skills and their impact on workers’
situation, especially in terms of financial gains. In times of the growing role of soft skills, it gives
the rationale for undertaking research in this field.

The main objective of this study was to examine the differences in earnings in Poland in relation
to the declared level of soft skills (categorized as low, medium and high). Several specific
objectives supporting the principal one were also formulated:
— to assess the properties of the earnings distributions by different levels of soft skills,
— to check if there are statistically significant differences in earnings for groups
characterized by different levels of soft skills,
— to evaluate if the shapes of earnings distributions are similar or not for groups
characterized by different levels of soft skills,

— to identify soft skills for which the differences in earnings are the highest.

The study was based on individual data from a survey conducted in Poland. Various statistical
methods supported by visualization techniques were used, namely kernel estimation, non-
parametric analysis of variance and relative distributions. The data analysis consisted of two
stages. In the first, exploratory phase, research hypotheses were formulated. In the second stage,
hypotheses were verified with statistical tools - tests and distribution comparisons.

Literature review

Historically hard skills were the only competencies indispensable for career employment, but
nowadays, soft skills are found as critical for productive performance in a modern workplace
(Robles, 2012). The term soft skills is ambiguous and differs from context to context (Schulz,
2008). According to Balcar (2014), the lack of the precise definition may be the result of using the
term in both scientific research and business, where it is more important to mention the desired
skills than to create generalizations. Moreover, the terminology is not consistent in the literature.
Such expressions as life skills, transversal skills, generic competencies, transferable skills, skills
for social progress are examples of terms used by institutions and organizations (Cinique as cited
in Cimatti, 2016). People skills or intangibles are also common words for the description
(Matteson et al., 2016). Soft skills can be defined as “interpersonal qualities, also known as
people skills, and personal attributes that one possesses” (Robles, 2012, p.453). According to
Cimatti soft skills are “personal transversal competences such as social aptitudes, language and
communication capability, friendliness and ability of working in team and other personality traits
that characterize relationships between people” (Cimatti, 2016, p. 97). Rainsbury and her
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coauthors (2002, p.9) describe them as “interpersonal, human, people, or behavioral skills”
influencing personal behavior and relationships between people. Regardless of the definition, soft
skills are usually perceived as complementary to hard skills which are associated with specific
technical expertise and knowledge acquired during educational processes.

Labor market requirements reflect the demand for versatile competencies. Possessing both hard
and soft skills becomes indispensable for obtaining and retaining employment. A European study
(Andrews and Higson, 2008) reveals that it is necessary to equip business graduates with skills
and abilities of different nature. Strong evidence of the associations between the level of skills
and earnings can be found in the literature. However, numerous researches concern the
relationships between wages and hard (cognitive) skills. This is due to the fact that hard skills are
much easier to measure. Moreover, there are international and worldwide educational studies that
provide high-quality data for the assessment and comparative analyses. Hanushek and
Woessmann (2008) argue that cognitive skills are powerfully related to individual earnings.
Another important conclusion is that skills have a big impact on economic growth. A comparative
study based on data from the International Literacy Survey indicates that cognitive skills
contribute to a considerable extent to the relationship between education and earnings (Barone
and Van de Werfhorst, 2011). Hanushek and his coauthors (2015) analyze data from
the Programme for the International Assessment of Adult Competencies (PIAAC) in 22 countries
and put forward a conclusion that higher cognitive skills (numeracy, literacy, problem-solving) are
associated with higher wages. However, some studies show that the role of hard competences is
declining in importance. Castex and Kogan-Dechter (2014) examine data from the National
Longitudinal Survey of Youth and find that the return to cognitive skills was smaller in the 2000s
than in the 1980s. The differences are substantial as the decline by 30%-50% was observed for
men and women. Using the same data Deming (2017) demonstrates that there was significant
growth in the labor market return to social skills and a negative change in return for cognitive
skills. Edin and his coauthors (2018) analyze unique administrative data for Sweden (1992-2013)
and report that non-cognitive skills are increasingly valued by the labor market, particularly in the
private sector and in the upper-end of the wage distribution. Robles (2012) refers to studies
indicating that soft skills are far more important for long-term job success with the contribution
estimated even to 75% or 85%. The importance of non-cognitive skills for the labor market
outcomes is also proved in other works, e.g. Heckman et al. (2006), Brunello and Schlotter
(2011), Cobb-Clark and Tan (2011), Lindgvist and Vestman (2011), Weinberger (2014).

The growing importance and a bigger reward for soft skills incline to in-depth research on this
subject in Poland. However, the evaluation of the impact on earnings encounters numerous
limitations. Firstly, as already mentioned, there is no consensus on the definition and the scope of
this term. Secondly, soft skills are difficult to measure and therefore relatively rarely included in
guantitative research. As opposed to hard competencies, they are not represented in international
surveys like PIACC. Thirdly, it is extremely difficult to obtain reliable data allowing for testing the
relationship with earnings. The lack of appropriate and comprehensive methods for empirical
measurement is in contrast with the acknowledgment of skills in modern economics (Borghans et
al. 2001). Various approaches that overcome these limitations, at least to some extent, are
proposed in the literature. Kyllonen (2013) claims that the most popular method both in scientific
research and in practice is a simple self-rating scale. Other alternatives mentioned by this author
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are ratings by others, situational judgment tests, behavioral interviews and standardized tests of
soft skills (still under development). Balcar (2014), in his literature overview, distinguishes two
methodological approaches for measurement. The first, called direct, is to ask questions about
behavior, preferences or attitudes. The second, named indirect, is based on the approximation by
job tasks. The proposed solutions contribute significantly to the soft skills assessment, but many
of them are limited by the availability of specific data usually accessible in surveys focused on
skills or education.

Determinants of earnings are an important area of research in the Polish economic literature, but
relationships with skills are rather rarely explored. In terms of human capital influence, more
attention was paid to return to education. The associations between the level of skills and
earnings in Poland are discussed in (Czarnik and Turek, 2015; Czarnik et al., 2011). The authors
apply regression models to predict earnings on a set of variables, including self-assessment of
skills. Burski and his coauthors (2013) use data from the PIAAC study to determine the
competence bonuses defined as the rise of income accompanying higher competencies. The
analysis is based on the comparison of income quartile groups with skills level. Relations between
hard competencies and earnings are examined by a multidimensional approach by Grzeskowiak
(2017). A composite skills index derived from categorical principal component analysis is referred
to earnings. Grzedkowiak (2018) also uses nonparametric statistical methods to evaluate the
differences in earnings resulting from the low and high level of hard skills. The results presented
in the above-mentioned papers show the positive dependence between skills and labor market
outcomes. However, the relationship between soft competences and earnings has not been
thoroughly discussed yet and requires further consideration.

Data and methods

The analyses were carried out using data from a nationwide survey on the human capital in
Poland named Bilans Kapitatu Ludzkiego. Results from the 5th wave which took place in 2014
were taken into consideration. This wave of the survey included 17674 respondents in productive
age (i.e. 18-64 for men and 18-59 for women). Unfortunately, not all of them answered all
questions about earnings and skills. Therefore, the calculations were based on a reduced but
complete dataset (N = 6899).

Two types of variables were taken into account, i.e. self-assessments of soft skills and the level of
net monthly earnings. Respondents evaluated their skills on the five-point ordinal scale, where 1
indicated “low” and 5 indicated “very high” level. Eight following soft competencies were
considered:

— entrepreneurship and showing initiative,

— resistance to stress,

— cooperation in a group,

— communicativeness and clear expression of thoughts,

— ability to resolve conflicts among persons,

— coordination of the work of other employees,

— creativity (being innovative, coming up with new solutions),

— continuous learning of new things.
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In the further part of the paper, in order to ensure transparency in the figures and the tables, the
abbreviated terms of the above-enumerated skills are used, respectively: initiative, stress,
teamwork, communicativeness, conflicts, coordination, creativity, learning new things.

The responses were recoded in order to create three groups for further comparisons: low level of
a particular skill (answers 1 and 2), medium level (answer 3) and high level (answers 4 and 5). On
the other hand, the variable describing the earnings is measured on the ratio scale as the
respondents gave the amount of their average monthly net earnings (considering the last 12
months).

The evaluation of differences in earnings in relation to the declared level of competences was
carried out separately for each skill using various statistical methods. As the preliminary part of
the analysis, an exploratory approach was used to determine the basic characteristics of the
distributions of earnings in relation to the level of skills. Boxplots visualizations were used as a
valuable tool for the assessment of dispersion, skewness and occurrence of outliers. Probability
density functions were estimated since they are considered as a natural way for the informal
investigation of sets of data leading to conclusions or giving hints for further analysis (Silverman,
1986). Kernel estimation was applied as a non-parametric approach not demanding the
knowledge of the underlying distribution. The estimator based on n observations Xi, Xa,..., X, for
a kernel K and a bandwidth h is expressed by the formula (Parzen, 1962; Rosenblatt, 1956):

o= gk (5

h is a smoothing parameter, and K is usually a symmetric and unimodal function falling off to zero
rapidly away from the center (Moeslund et al., 2011). Examples of typical kernels are rectangular,
triangular, biweight, Gaussian, Epanechnikov, cosine (Rizzo, 2019). In this analysis, the
Epanechnikov kernel was used. Kernel density estimates can be viewed as a generalization of
histograms and a solution to avoid their disadvantages (Sarkar, 2008). Moreover, such estimation
gives the possibility to compare several distributions on one plot, which is not possible by simple
histograms commonly used in the exploratory analysis.

Boxplots and kernel density estimates served for preliminary insight into data. Next, a
confirmatory approach was used. Firstly, the normality assumption was tested because its
violation may lead to unreliable results, e.g. in group comparisons by t-tests or ANOVA. Shapiro-
Wilk test (Shapiro and Wilk, 1965) was used as it is considered the most powerful normality test
in the group of commonly applied tests, i.e. Shapiro-Wilk, Kolmogorov-Smirnov, Lilliefors and
Anderson-Darling (Razali and Wah, 2011). The nature of data was the reason for using the non-
parametric equivalent of ANOVA — Kruskal-Wallis test by ranks (Kruskal and Wallis, 1952), also
called one-way ANOVA on ranks. This test involves several independent samples and allows us
to tell if they have the same distributions (null hypothesis), or at least one sample differs
(alternative hypothesis). Hence, if the null hypothesis was rejected, additional post hoc pairwise
comparisons were performed to detect and describe the differences. For this purpose, Dunn’s
procedure was used (Dunn, 1964) with Bonferroni corrections of p-values.

The relative distributions theory was used to describe differences in distributions of earnings, in
particular, to identify discrepancies in their shapes. The relative distribution methods are
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presented in details in (Morris et al., 1994; Handcock and Morris, 1999; Handcock and Morris,
1998). The idea is to compare two groups: the reference group and the comparison group.
Random variables corresponding to these groups are denoted by Yo and Y, probability density
functions fo, (y) and f(y), and cumulative distribution functions Fo(y) and F(y), respectively. The key
elements of this approach can be summarized as follows (Handcock and Morris 1999, p. 21-24):

— the relative distribution of Y to Y, is obtained by grade transformation according to the

formula:
R = Fy(Y)
— arealization of R is denoted r and called relative data,
— the relative probability density function is given by:

]’c;((;;)) Yr = Qo(r) = 0

where Qo(r) is the quantile function of Fo.

— the relative probability density function has a clear and useful interpretation as a density
ratio between the fractions of individuals in the comparison and reference groups at a
given level of the attribute.

Another advantage of the method is the possibility of a graphical presentation of results allowing
for a visual assessment of the differences. This approach is used in various fields of study, e. g. in
comparing income inequality over time or with respect to social features (Alderson et al., 2005;
Alderson and Doran, 2010; Mysikova 2011), in investigating body mass index (Contoyannis and
Wildman, 2007), in assessing changes over time in the distribution of socioeconomic status
(Kabudula et al., 2007), in comparing earnings in relation to the level of hard competencies
(Grzeskowiak, 2018). In this paper, the analogous methodology was used, considering
differences with respect to soft skills.

gr) =

Advanced statistical methods require the use of adequate software. For the purpose of this
article, the IBM SPSS program was used for hon-parametric ANOVA and post hoc comparisons.
Kernel estimation and calculations for relative distributions were carried out in R programme by
functions available in reldist package (Handcock and Aldrich, 2002; Handcock, 2016). Versatile
ggplot2 package (Wickham, 2016) was used for boxplots visualizations.

Empirical results

The distributions of earnings depending on the three levels of skills (low, medium, high) are
illustrated by boxplots (Figure 1). Due to the occurrence of outliers and extreme values, the charts
based on the linear scale would be hard to read. Hence, the logarithmic transformation of the
coordinates was done, which takes place after the statistics are calculated and allows us to
improve the possibilities of data visualization, namely in the case of highly skewed distributions.
The first insight into data on earnings with respect to the skills level reveals some regularities.
Firstly, people declaring higher skills earn on average more and this relationship is true for each
of the competence under consideration. Secondly, the positive skewness of distribution occurs for
all variables. Thirdly, a large number of outliers and high extreme values is present for every skill
category. Fourthly, the largest variation coefficients occur in the group of people assessing their
skills as low.
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Figure 1. Boxplots illustrating distributions of earnings depending on the level of skills
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Figure 2. Kernel estimation of distributions of logarithmic earnings depending on the level of skills
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Another and perhaps more accurate way of comparing earnings distributions is to estimate and
plot their probability density functions. The presence of outliers and extreme values suggest that
the logarithmic transformation of earnings should precede the procedure in order to make
comparisons easier. The estimation was done by a kernel smoothing method, not demanding any
assumptions about the distributions. The results of the estimation are shown in Figure 2.

The distributions corresponding to medium and high skills have similar shapes, while the
distribution matching low skills differs significantly from the others both in the sense of the central
tendency and the form. It is apparent that the low self-assessment of skills is associated with
lower earnings. Moreover, the distributions corresponding to low skills are characterized by a
higher dispersion. This is particularly evident for teamwork and communicativeness skills.
Coordination skills seem to be the only exception for which the distributions are relatively similar.
However, it should be kept in mind that the plots present probability density functions estimated
on the base of the logarithmic values, in which large differences regarding the right tail of
distributions are reduced.

This preliminary exploration of data leads to several conclusions and allows us to formulate some
hypotheses to be verified in the further part of this study:

H1. There are significant differences in earnings related to the category of soft skills.

H2. Earnings of people declaring low soft skills differ substantially from earnings of others.

H3. Differences in earnings are not the same for all skills under consideration.

The first insight into data also suggests that earnings are not normally distributed. The
assumption of normality must be verified before the choice of procedures for testing the
presented hypotheses. Therefore, the normality was checked by the Shapiro-Wilk test. The
Shapiro-Wilk test statistic W equals from W = 0,49066 to W = 0,82808 with corresponding p-
values less than 0,001, what shows strong evidence of non-normality. It implies that the
assumptions of commonly used parametric statistical tests are not met. In particular, the two-
sample t-test or the one-way analysis of variance are not appropriate for comparing group means.
It would also be inadvisable to use the logarithmic values because the results of tests performed
on such data are often “not relevant for the original, non-transformed data” (Changyong et al.,
2014, p.105). Hence, the Kruskal-Wallis test by ranks, which is a nonparametric method, is
proposed to evaluate the differences in earnings. If the null hypothesis that several independent
samples have the same distributions is rejected post hoc pairwise comparisons are carried out to
identify particular patterns. Table 1 provides the Kruskal-Wallis test statistics, and Table 2
presents the results of the pairwise comparisons.

Table 1. Evaluation of differences in distributions of earnings due to the level of skills — results of
the Kruskal-Wallis test by ranks

Skill Test statistic
Initiative 569,994+
Stress 455,456***
Teamwork 248,334***
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Communicativeness 284,813***
Conflicts 375,727***
Coordination 532,300***
Creativity 561,175***
Learning new things A477,634*+*

Source: own computations based on survey data. Note: *** p < 0,001

Table 2. Pairwise tests of differences in earnings due to the level of skills — Dunn’s procedure
with Bonferroni corrections of p-values

Skill Compared levels Test statistic
low — medium -978,446%**
Initiative low — high -1551,404***
medium — high -572,958***
low — medium -881,253***
Stress low — high -1396,606***
medium — high -515,353***
low — medium -967,525%**
Teamwork low — high -1350,462***
medium — high -383,209***
low — medium -973,217***
Communicativeness low — high -1375,832%**
medium — high -402,615***
low — medium -857,796***
Conflicts low — high -1251,091***
medium — high -393,294***
low — medium -752,976***
Coordination low — high -1349,761***
medium — high -596,785***
low — medium -991,384***
Creativity low — high -1530,138***
medium — high -538,754***
low — medium -879,074***
Learning new things low — high -1479,828***
medium — high -600,754***

Source: own computations based on survey data. Note: *** p < 0,001

The statistics of the Kruskal-Wallis test displayed in Table 1 clearly indicate that regardless of the
skill considered, the null hypothesis should be rejected. Hence, earnings distributions
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corresponding to three categories (low, medium and high skills) are not the same. The highest
test statistics are observed for entrepreneurship/showing initiative and creativity while the lowest
for teamwork and communicativeness/clear expression of thoughts. The test proves that there are
significant differences but does not provide the answer about their nature. More precise
conclusions can be drawn from post hoc tests (Table 2). Pairwise comparisons show that
significant differences in earnings are observed for each skill and each combination of levels. It is
worth mentioning that the highest absolute values of the test statistic occur in low — high skills
comparisons, and the smallest in the case of medium-high skills. The results vary across the skills
under consideration. Thus, the one-way ANOVA on ranks confirms suppositions made in the
preliminary phase of the analysis.

The results of the statistical tests show that the earnings distributions differ significantly, but the
problem is that they do not give a detailed insight into the character and the magnitude of the
discrepancies. The question that arises is how to describe differences in distributions more
comprehensively. This goal can be achieved by using the relative distribution methods. This
technique allows us to compare two distributions corresponding to the reference and the
comparison group. In further considerations, these groups are formed of individuals declaring low
and high skills, respectively. This choice results from the previous considerations, where it was
shown that the group characterized by low skills significantly differs in terms of earnings from the
others. Therefore it was chosen as the reference group.

The relative density functions with respect to particular skills are indicated by solid lines in Figure
3. A relative density shows how the individuals from the comparison group are arranged at
particular quantiles of the distribution corresponding to the reference group. If distributions in the
two groups were the same, the relative distribution would be uniform, and the relative probability
density function would be a constant function equal to 1. This is not obviously the case. The solid
curves in Figure 3 confirm differences between the distributions. For upper deciles, the relative
density function values are greater than 1, what demonstrates that the proportion of individuals
from the comparison group (high skills) is considerably greater than that of the reference group
(low skills). It is interesting to note that in each case (except for teamwork) the values of the
functions grow rapidly in the 9th and 10th deciles reaching ca. 3, so high-skilled persons are
about three times as likely as low-skilled respondents to appear at the upper end of the earnings
scale. Thus, persons with higher skills are far more likely to have better earnings. On the contrary,
very low values on the left side of the plots (bottom deciles) reveal that there are a lot fewer
individuals who possess a high level of soft skills and report low earnings. This statement is true
at least up to 6th-7th decile depending on the skill under consideration. The conclusion is
straightforward: a strong shift towards higher earnings is observed in the comparison group.

The authors of the reldist R package offer a supplementary visual tool to facilitate the
interpretation of the differences in distributions, namely decile bar charts. They can be plotted as
additional charts or superimposed on the relative density estimates as in Figure 3. If distributions
were the same in both groups, all bars would have the same height equal to 1. A bar lower than 1
means that in a given decile of the reference group there is less than 10% of individuals from the
comparison group and vice versa — a bar higher than 1 indicates that in a given decile of the
reference group there is more than 10% of individuals from the comparison group.
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Figure 3. Relative distributions of earnings in the low skills (reference) groups and high skill
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The bars in Figure 3 have a characteristic pattern in case of most considered skills as they are
situated below 1 in the lower deciles while in the upper deciles exceed 1 considerably. The
highest bars in 10th decile are observed for such skills as entrepreneurship/showing initiative and
coordination of the work of other employees. It shows that these two skills influence the earnings
the most noticeably. A specific pattern occurs in the case of the teamwork. Although the general
rule of higher earnings accompanying higher skills is apparent, it is the only instance for which the
maximum advantage was noted not in the 10th decile. It seems that the teamwork ability is not as
strongly associated with earnings as other soft skills.

The representation by decile intervals presented in Figure 3 can be used to identify the shortages
and surpluses in a numerical way providing information for precise comparisons. Table 3 shows
the surpluses of individuals from the comparison group in the 9th and 10th decile of the reference

group.

Table 3. Surplus of persons from the comparison group in the ninth and tenth deciles of the
reference group

s in 9th decil Surplus in 10th Surplus in 9th and
Skill Surplus in ot _ec' N decile 10th deciles together
(percentage points) _ ,
(percentage points) (percentage points)
Initiative 13,0 23,0 36,0
Coordination 8,0 24,3 32,3
Creativity 9,3 20,9 30,2
Learning new things 8,2 21,1 29,3
Stress 8,3 19,6 27,9
Conflicts 7.8 19,2 27,0
Communicativeness 7,0 16,4 23,4
Teamwork 13,5 9,7 23,2

Source: own computations based on survey data.

The total surplus is a measure which allows us to set in order skills from those that give the most
considerable financial advantage to those that give the smallest. Table 3 is presented according
to the decreasing importance of skills. The biggest inequalities are observed for
entrepreneurship/showing initiative, coordination of the work of other employees and creativity
(the total surplus over 30 percentage points), while the lowest for communicativeness/clear
expression of thoughts and teamwork. Nevertheless, for each skill, the total surplus exceeds 20
percentage points, which confirms once again the hypothesis about the association between the
soft skills level and the amount of earnings.
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Conclusions

Although the role and the importance of skills and competencies in the knowledge-based
economy are widely discussed in recent years in Poland, there are not many quantitative studies
on associations between skills and labor market outcomes. This research tries to describe
differences in earnings in relation to the declared level of soft skills categorized as low, medium
and high. Various statistical methods are applied to examine the properties of earnings
distributions with respect to skills level. The study is based on data from a nationwide survey on
human capital comprising over six thousand responses.

The main results of the study show that there are statistically significant differences in earnings
between groups characterized by different levels of skills. These findings are in line with the
outcomes obtained by other researchers, although the analytical approaches differ. Numerous
authors apply regression models to examine relations between skills level and wages. As data on
cognitive skills are available from various surveys, the evaluation of their impact on labour market
outcomes can be found in many studies. Positive relationships are proved among others in
papers by Barone and Van de Werfhorst (2011), Burski et al. (2013), Castex and Kogan-Dechter
(2014), Czarnik et al. (2011), Hanushek et al.(2015), Czarnik and Turek (2015), Hanushek et al.
(2016). Another common approach is to estimate the skill premium by the original Mincerian
model including years of schooling and potential work experience as regressors. The advantage
is the accessibility of the data, but as years of schooling are far more general indicator than skills
level, results derived from such analyses are not fully comparable with the outcomes from this
study. It should be underlined that the measurement of soft skills encounters many problems and
limitations. Balcar (2014), in his comprehensive overview on soft skills and their wage returns,
claims that such competencies can be evaluated directly by questioning individuals or
approximated indirectly by tasks. This study is based on data collected in a nationwide survey by
using the first method. The overview of 11 papers by Bacar (2014) shows that regardless of the
measurement approach, there are associations between soft skills and earnings. These findings
are consistent with the results concerning the Polish labor market described in this paper. In the
Polish literature, self-reported items representing non-cognitive skills to some extent close to soft
skills were analyzed by Palczynska (2018) who also found significant relationships between
personal traits, cognitive skills and wages.

Additionally, the hypothesis that the discrepancies in earnings are not the same for all skills under
consideration was confirmed in this research. Moreover, the relative distribution methods show
that the shapes of earnings distributions differ substantially. The author also proposed how to
compare the importance of particular skills using the surpluses in decile intervals. This leads to
the conclusion that such skills as entrepreneurship/showing initiative, coordination of the work of
other employees and creativity are most appreciated.

There are certain limitations associated with this research. First of all, an objection might be
raised on the data which are subjective in nature. The information on skills used in this study
comes from the self-assessment done by the respondents of the survey. Therefore, bias might be
expected. The problem is that there is no precise, objective, nationwide data on the level of soft
skills of individuals, and it is almost impossible that such information will be available in the future.
Thus, soft skills are not easily measurable, and some approximation of their level must be made.
Other studies mentioned in the literature review of this paper are also based on data from surveys
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or use an indirect way of measurement. The second limitation is that the list of soft skills which
were assessed in the survey on human capital does not reflect all employers’ expectations. The
third problem is that respondents gave answers about their net monthly earnings. If the gross
wages were analyzed, the outcomes could be different. It would be very interesting to evaluate
the importance of skills with respect to the net and gross earnings, but there is no available data
for such comparisons. Nevertheless, in the author’s opinion, this research is based on the best
and most comprehensive data possible at the moment and gives an insight into relations between
soft skills and earnings. Eventually, it should also be underlined that the methods and the
obtained results do not imply causal conclusions.

The subject discussed in this paper indicates ample opportunities for further research.
Particularly, nonparametric methods as kernel estimation and relative distributions seem to be a
very useful tool in evaluating the relationships of skills and earnings. This methodology does not
require the normality assumption and gives a more accurate insight into the data, making it
possible to compare the shapes of distributions and not only their characteristics. Additional
covariates as gender, place of residence or age of workers may be included in analyses. Another
possible approach is to seek for one composite indicator of soft skills and refer it to the level of
earnings. Further studies can also be carried out in the direction of identification of changes over
time as the survey on human capital provides comparable data from years previous to 2014.
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