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Abstract: The pension landscape is changing due to the market situation, and technological change
has enabled financial innovations. Pension savers usually seek financial advice to make a personalised
decision in selecting the right pension fund for them. As such, decision rules based on the assumed risk
profile of the decision maker could be generated by making use of stochastic dominance (SD). In the
paper, the second-pillar pension funds operating in Lithuania and Slovakia are analysed according to
SD rules. The importance of the distributional assumption is explored while comparing the results of
empirical, student-¢, Hyperbolic and Normal Inverse Gaussian distributions to generate SD-based rules
that could be integrated into an advisory solution. Moreover, due to the differences in SD results under
different distributional assumptions, a new SD ratio is proposed that condenses the dominance-based
relations for all considered dominance orders and probability distributions. The empirical results indicate
that this new SD ratio efficiently characterises not only the preference of each fund individually but also
of a group of funds with the same attributes, thus enabling multi-risk and multi-country comparisons.

Keywords: stochastic dominance; pension funds; decision rules; network analysis; dominance ratio;
semi-heavy tailed distribution

1. Introduction

Most EU countries have carried out systemic pension reforms over the last decades to maintain
fiscal sustainability in the face of aging populations, declining fertility rates and global migration trends.
In response to these pressures, these countries have enacted mandatory or quasi-mandatory pension plans,
both public and private, based on the so-called defined contribution scheme, thus diversifying retirement
income sources across providers. One can find numerous typologies for retirement-income systems,
but the most commonly used approaches are the World Bank (WB) and Organisation for Economic
Cooperation and Development (OECD) frameworks [1]. A three-pillar pension system concept was
established by the WB in 1994, with a large role given to private individual pension accumulation [2].
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The five-pillar concept was developed in 2005 and has since been adopted by many countries in Europe [3].
Alternatively, the OECD has designed a taxonomy that has two mandatory tiers, i.e., redistributive and
insurance tiers. This approach aims for a global classification for pension schemes that is consistent over
a range of countries with different retirement-income systems. As there is no one-size-fits-all approach,
country-specific conditions require the adoption of selected frameworks defined in such a manner as to
best suit particular countries. In the current paper, we follow the WB’s three-pillar approach, as it is more
commonly used in the countries that are considered in the following analysis. It is worth mentioning that,
in most countries, a national regulator plays an important role in determining the criteria and rules that
pension fund management companies must follow.

Shifting from a conventional pension scheme to private pension plans requires individuals to make
investment decisions mainly by themselves, which is a challenging task. There are several reasons the
choice of a pension fund is complicated. First, due to a lack of financial literacy and understanding,
a participant might select an inappropriate fund for their pension savings [4,5]. In response to this
problem, pension fund managers usually report simple descriptive statistics, accompanied by some
explanations, related to the historical performances of their pension funds, but no deeper analyses or
forecasts are published. However, these reports are typically limited to the pension funds managed
by a certain company. Notably, the managers use some benchmarks against which the performances
of their pension funds are compared rather often. Unfortunately, benchmarks’ compositions are
not strictly regulated; therefore, global comparisons of pension fund performances are difficult to
make. Consequently, the difficulties in making comparisons between funds constitute a second reason
fund selection is challenging. Finally and crucially, pension funds managed by different companies
usually exhibit different performance results, even though all of them operate under the same market
conditions [6,7], which means that the actual investment performance might be different according to the
specified investment strategy. As such, it might be assumed that the targets achieved by private pension
funds depend on how well they are managed. Obviously, while multi-pillar pension systems have been
established to diversify risks, such as demographic change, labour market dynamics and public finances,
the investments in private pension funds are now exposed to changing financial returns, market volatility
and inflation.

While many authors focus on Asset-Liability Management (ALM) for pension funds [8-16], this paper
makes a contribution in the modelling field by attempting to identify the best investment choice for a
participant who wishes to maximise the expected utility of their retirement benefits on the basis of their risk
profile. One way to address this issue is to provide some exploratory analysis with a special focus on risk
measurement and performance evaluation [17], thus allowing the participant to choose the pension fund
complying with their risk considerations. Following this path, many case studies have been published that
typically include the analysis of pension funds operating in a certain country, e.g., Lithuania [7], the Czech
Republic [18], Croatia [19] and so forth. Consequently, some technique can be employed to assess or
classify the pension funds considered in the analysis. For example, one can use multi-criteria optimisation
techniques [20], data envelopment analysis [21] or some stochastic dominance approach [22].

In view of this approach, the current paper considers the second-pillar pension funds (PFs) with
the aim of determining which fund is the most preferable for a participant on the basis of his risk
profile. To make the decision, one can rely on descriptive statistics, risk measures and performance
ratios of the PFs’ returns [23-26]. Unfortunately, all these estimates limit the information about the
probability distribution of returns to a single number. Therefore, we propose a methodology based on
stochastic dominance (SD), allowing us to compare funds while employing the whole distribution of the
returns, regardless of whether it is estimated in a parametric or non-parametric manner. As recently
shown by Moriggia et al. [8] and Kopa et al. [27], stochastic dominance is a useful tool in pension
fund selection and provides interesting results. In this paper, we consider three different types of SD
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relations, specifically first-order SD (FSD), second-order SD (SSD) and third-order SD (TSD) [22,28,29],
to describe different risk profiles for a participant. The analysis covers the period 2011-2018. In particular,
the pension funds operating in two countries, Lithuania and Slovakia, are compared under different
distributional assumptions. We chose these two countries because: (i) they are close to each other in
terms of geographical, historical, macro-economical and sociological indicators; (ii) their second-pillar
PFs have not yet been analysed using utility (stochastic dominance) tools; and (iii) their pension systems
have not been compared previously. In particular, empirical, student-f, hyperbolic and normal-inverse
Gaussian (NIG) distributions are used to describe the PFs’ returns. In fact, in the last few decades,
many papers have published evidence of the non-normality (see [30-32]) and fatness (see [5,33,34]) of
financial time series. Furthermore, some researchers have found evidence that the tails of returns are
typically semi-heavy (see [35-37]) from a class of generalised hyperbolic distributions, which includes the
student-t, hyperbolic and NIG distributions. Additionally, Huang [38] explained the differences between
the above distributions based on the tail behaviour. The exponential decay of hyperbolic distribution
tails is slower than that for the tails of the NIG distribution, which are semi-heavy and non-identical
(depending on the asymmetry parameter). Comparatively, a three-parameter Student-t distribution is well
known and useful in theoretical analysis due to its nice probability density function, balancing as it does
between super-heavy (when the degrees of freedom v — 0) and Gaussian behaviour (when v — o).

The rest of the paper is organised as follows. Section 1.1 provides an overview of the multi-pillar
pension systems currently operating in Lithuania and Slovakia. Section 2 presents the research
methodology used in the analysis. The theoretical background for stochastic dominance is described
in Section 2.1. This background is followed by a brief overview of the semi-heavy tailed probability
distributions used in the analysis as a tool to model the returns’ distribution. A newly derived stochastic
dominance ratio based on pairwise stochastic dominance is presented in Section 2.6, and the experimental
design is outlined in Section 2.7. Section 3 presents the performance analysis of the pension funds using
risk measures, the results of pairwise stochastic dominance based on empirical and theoretical probability
distributions and, most importantly, the search for the most preferable pension fund based on the derived
SD ratio. Finally, a discussion of the results and future steps are provided at the end of the paper.

1.1. Pension Systems in Lithuania and Slovakia

Lithuania and Slovakia have both undertaken systematic pension reform by adopting the WB’s
three-pillars approach, which is designed to achieve desired societal and individual benefits while
minimising the relevant risks. In general, these pension schemes provide three distinct sources of
accumulation for retirement funds.

Lithuania began its pension reform in 2004 by introducing Pillars II and III to the pension system.
However, the PAYG pillar (state pension, Pillar I) still plays a dominant role in ensuring income for old-age
pensioners. At the end of 2012, this system was reformed due to the financial crisis. Recently, by July 2019,
pension funds managed by pension accumulation companies must have been reorganised to implementing
the life-cycle approach. No occupational pensions are available in Lithuania [39,40].

In Slovakia, the pension reform started in 1996 with the introduction of Pillar III, which, at that time,
was organised as a voluntary pension pillar. Later, Pillar III was reorganised to accommodate a more
personal approach with the financial support of employers. The WB’s approach was fully implemented
with the introduction of Pillar II, a defined contribution pension saving scheme, at the beginning of 2005.
In terms of terminology, it is called the “1bis pillar”, as individual retirement accounts are funded via a
partial redirection of social security contributions to individual pension savings accounts [39,41].

The basic data on the pension system set-ups in these two countries are summarised in Table 1,
which is in line with the research report [39].
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Table 1. Comparison of Lithuanian and Slovak pension systems (cut-off year 2018).

Pillar I Pillar IT Pillar III

Lithuanian pension system

Scheme PAYG defined benefit scheme Funded scheme More flexible funded scheme

Manager State Social Insurance Fund (SoDra) ~ Pension accumulation companies  Pension accumulation companies

Participation Mandatory Quasi/Mandatory Voluntary

Coverage Almost 100% 92.78% 4.38%

Funds offered 20 12

Contributionrate  25.30% min 2% and max 6%

Quick facts: Average pension: EUR 344.20; Replacement ratio: 39.41%; Retirement age—63.6 years for men and 62.3 years for women

Slovak pension system

Scheme PAYG State pension Occupational pensions—defined Individual pensions—fully funded
contribution defined contributions

Manager Social Insurance Company Pension  Asset Management Pension Asset Management
Companies Companies

Participation Mandatory Voluntarily up the age of Voluntary
35/Mandatory

Coverage Almost 100% 60.00% 27.00%

Funds offered 19 15

Contributionrate  13.50% 4.50%

Quick facts: Average pension: EUR 455; Replacement ratio: 46%; Retirement age—62.4 years

As shown in Table 1, the overall coverage provided by Pillar II, measured as a ratio between the
number of participants and the economically active population (number of insured persons in Pillar I),
is almost 93% in Lithuania and 60% in Slovakia, indicating the importance of these funds, particularly since
future pension incomes might be mostly influenced by Pillar Il savings. Comparatively, Pillar III is expected
to generate retirement income for less than 30% individuals in Slovakia, and, obviously, an insignificant
portion for Lithuanian savers. This fact is the main reason we decided to begin with an analysis of
Pillar II. In the future, a portfolio management task could be considered for inclusion in order to diversify
retirement income sources and achieve maximum worth.

Regarding the challenging task of selecting a suitable pension fund for an individual, one possible
option is to carry out pension fund selection according to a predefined investment strategy (see Table 2)
that theoretically reflects its riskiness.

Table 2. Funds arranged into four groups based on the investment strategy.

Lithuanian Funds [40]

Conservative investment funds;

Funds investing up to 30% of assets in equity;
Funds investing up to 70% of assets in equity;
Funds investing up to 100% of assets in equity.

Slovak Funds [the Act on Old-Age Saving No. 43/2004]

Bond guaranteed mandatory pension funds;

Mixed mandatory pension funds (since March 2005);
Equity mandatory pension funds (since March 2005);
Index mandatory pension funds (since April 2012).

Such classifications (see Table 2) typically help determine the risk category a pension fund should be
placed in, but, obviously, the performance of any pension fund is highly dependent on how its investment
strategy has been implemented historically. It has already been demonstrated [7] that the grouping of funds
based on the ex-post returns can be different from the scheme provided in the table. Furthermore, even if
the decision on the type of pension fund has already been made, the next step is to choose one fund within
a group, which in comparison is a more complicated task. Therefore, we proceed with the analysis of
pension funds over a certain time period using the stochastic dominance approach with the aim to propose
the approach for determining the best fund among those being considered. Additionally, we pay a special
attention to the comparison of pension funds operating in two countries with a similar pension systems,
as well as the different risk groups that emerge based on the investment portfolio.
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2. Materials and Methods

This section presents the theoretical background for stochastic dominance (SD) with a special focus on
the three SD principles while considering investors’ risk profiles. Since the pension fund returns are treated
as random variables, we also recall some theoretical heavy-tailed probability distributions. Then, a new
performance ratio based on pairwise stochastic dominance is proposed, one which allows us to identify
efficient and inefficient pension funds by discriminating between them on the basis of country and/or
risk group.

2.1. Stochastic Dominance Relations

In the current paper, the investor is a participant in the pension system who intends to select a private
pension fund as an investment. Stochastic dominance rules as well as other investment rules employ
partial information on the investor’s preferences; therefore, they produce only a partial ordering of all the
available investments under consideration. Depending on the assumptions on the investor’s preferences
defined by a utility function u(x), three different types of SD relations are considered:

1. First-order stochastic dominance (FSD)—no restriction on the participants utility, and only
non-satiation is assumed (' (x) > 0);

2. Second-order stochastic dominance (SSD)—assumptions of non-satiation and risk aversion are
considered (#/(x) > 0and u”(x) < 0); and

3. Third-order stochastic dominance (TSD)—an additional assumption on the positive skewness
preference is imposed (u'(x) > 0, u”(x) < 0and u”'(x) > 0).

We assume that the returns of pension funds are treated as random variables X;,i = 1,...,N.
By definition, the random return of the ith fund X; dominates the random return of the jth fund X;
with respect to XSD (X; »xsp X;) if Eu(X;) > Eu(X;) for all u € XSD where XSD = FSD, SSD, TSD.
In particular, if the random return of one fund dominates the random return of another fund, then all
investors obeying particular assumptions on their utility functions prefer the dominating fund to the
one being dominated or are indifferent between them. Thus, following Levy [22], we can formulate the
necessary and sufficient conditions for FSD, SSD and TSD using k-times cumulative distribution functions.

Theorem 1. Let F;(x) be the cumulative distribution function of fund i and let EX; < oo forall i = 1,...,N. Then,
(i)  Xi =psp Xjifand only if F;(x) < Fi(x), Vx;

(i) X; =ssp X; ifand only if F7) (x) < B (x), Vi;

(iit) X; =rsp Xj if and only szi(3)(x) < 1—"]-(3) (x), Vx; and EX; > EX;

where Fl.(k) (x) is k-times cumulative distribution function:
X
FY(x) = B(x), FP(x) = / F*D(hat, k=23
Since we consider N funds, PZN = ﬁ pairs of funds could be considered for a stochastic dominance

comparisons. The number of pairs can be reduced by employing a necessary condition, specifying that
the superior investment must have a greater (or equal) mean [28]. As a result, the number of necessary

. . N _ N(N-1) o
comparisons is reduced to C;' = ———* combinations.
To begin with, the empirical distribution of the observed returns is considered. Let X! be the return

of fund i attimet,i =1,..,N, t = 1,..,T. Assume that all observations are equally probable and that for
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each fund i we first order the observation such that Xll < Xi2 < XZT . Then, the necessary and sufficient
condition for FSD and SSD can be simplified as follows.

Theorem 2. Let le < Xl2 < Xl-T be equiprobable realisations of random return X;, i = 1,...,N. Then,
(i) X; =rsp X; if and only if X! > X;, t=1,.,T; and
t t
(i) X; >ssp X] ifand only if 'y Xls >y X]S, t=1,..,T.
s=1 s=1

To check the TSD relation using the empirical distribution of returns, either the algorithm in [22],
which is based on a comparison of three times cumulative distribution functions, or the alternative
sufficient condition published in [29] can be utilised.

Next, we proceed with the student-t, hyperbolic and normal-inverse Gaussian distributions, which are
briefly introduced in the following sections. Furthermore, we use adaptive numerical integration (using R
packages) to check for the pairwise stochastic dominance described in Theorem 1.

2.2. Generalised Three-Parameter Student-t Distribution

Suppose that pension fund’s returns follow the student-f distribution. Then, the probability density
function (PDF) is given by

v+1
B F(%) 1 /x—pu 2\ 7
pomen) = o (1 (1) )

where ji is a location parameter, o is a scale parameter and v represents the degrees of freedom.
The cumulative distribution function (CDF) of the student-t distribution (see Figure 1) is

F SR S A
(x o) 2" I'(%)vmve 21 \272 vo?

L (=) o (1v+13  (x—p)
1 4 2 4 7
where ,F, is a particular case of the hypergeometric function and I'(-) denotes the Gamma function.

The random variable X has expectation E(X) = u (if v > 1), while the variance var(X) = 02-%5

exists only when v > 2.

B— d=o05
[F—— d=1
O— d=2
B— d=5 ©
B— d=100

CDF

Figure 1. CDF of student-t distribution depending on degrees of freedom.
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In general, the tails of the student-t distribution range from the Cauchy distribution (v = 1) to the
normal distribution (v = o), depending on v. Moreover, if v < 1, then the tails become super-heavy;
in such case, the expectation does not exist, and the student-t distribution becomes useless in most
practical applications.

2.3. Hyperbolic Distribution

The hyperbolic distribution is a continuous probability distribution (from the generalised hyperbolic
distribution family) characterised by the logarithm of the probability density function being proportional
to hyperbola. Consequently, the tails of the distribution decrease exponentially, enabling the modelling of
returns that are heavier than normal ones. The density of the hyperbolic distribution is given by

p(x,a,B,08) = Ve — p o=/ P+ (x—p)2+B(x—p)
206Ky (8+/a2 — B2)

where & > 0 is a shape parameter, 0 < |B| < « is an asymmetry parameter, y is a location parameter, &
is a scale parameter and K () denotes a modified first-order Bessel function of the third kind. CDF of
Hyperbolic distribution is given in Figure 2.

alpha= 3, beta= -1

alpha= 3, beta= 0

alpha= 3, beta= 1

alpha= 5, beta= 0

CDF

TITTTT

alpha= 10, beta=0

alpha= 1, beta= 0

-3.0 -2.4 -1.8 -1.2 -0.6 0.0 0.6 12 18 2.4 3.0

Figure 2. CDF of Hyperbolic distribution against « and g.

As a mater of fact, the hyperbolic distribution is a random mixture of normal distributions,
i.e., the normal mean—variance mixture with GIG (generalised inverse Gaussian) emerging when A = 1 [42].
Moreover, when & — oo, the limiting distribution is also a normal distribution. Finally, when « — 0,
the limiting distribution is a skewed and shifted Laplace distribution.

2.4. Normal Inverse Gaussian Distribution

The normal-inverse Gaussian (NIG) distribution is a continuous probability distribution that is
defined as a normal variance-mean mixture, where the mixing density is the inverse Gaussian distribution
(i.e., GIG when A = —1/2). The NIG distribution is more practical than the hyperbolic distribution, due to
its convolution properties, and it still has semi-heavy tails. Moreover, the NIG distribution is more useful
in linear dependence modelling than the other generalised hyperbolic distributions.
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The probability density function for the NIG distribution is given by

\/27_2 — B
p(x,a,B,u,) = 0Ky (a 25 + Z) >e5\/m+ﬁ(x )
T\/62 + (x — )2

where « is a tail parameter, B is an asymmetry parameter, p is a location parameter, § denotes a scale
parameter and Kj () denotes a modified first-order Bessel function of the third kind.

As for all generalised hyperbolic distributions, the NIG distribution converges to a normal distribution
when & — co. Under a certain condition when & — 0, the limiting distribution is a scaled and shifted

Cauchy distribution. CDF of Hyperbolic distribution is given in Figure 3.

e
-

alpha= 3, beta= -1

alpha= 3, beta= 0

alpha= 3, beta= 1

alpha= 5, beta= 0

CDF

TITTTT

alpha= 10, beta=0

alpha= 1, beta= 0

Figure 3. CDF of normal-inverse Gaussian distribution against  and B.

The NIG distribution is especially useful in cases in which the tails observed are not “too heavy”,
while the hyperbolic distribution captures more heavier tails well.

2.5. Performance Analysis of Pension Funds Using Point Estimates

The financial literature provides abundant choices in terms of the risk measures and performance
ratios to be used in the analysis of investment alternatives. As such, some authors suggest that
they can be categorised into particular groups, such as reward-to-variability ratios, extreme risk
measures, reward-to-risk ratios, partial moments and so on, based on what characteristics from the
distribution of returns are used in their formulas. In the current paper, we use some of these
measures as the representatives of the particular classes that are most often used in frontier research.
Notably, a conventional measure that has been used for a certain period to evaluate the risk is the standard
deviation (or dispersion). Since the standard deviation penalises both the upside and the downside
potential of an asset’s return symmetrically, it is not recommended as a measure of performance in a
non-Gaussian (non-symmetric) setting.

One of the most popular risk measuring concepts is the Value-at-Risk (VaR), which describes the
maximum loss over a target horizon within a given confidence level [43]. As such, it can be included in the
set of extreme risk measures since it captures the downside risk in a single figure by focusing on the tail of
a return distribution. However, the VaR has been criticised heavily for not being a coherent risk measure.
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Consequently, some new measures have been derived from the VaR. For example, a popular measure is
Conditional Value-at-Risk (CVaR), which quantifies the expected losses that occur beyond the VaR cutoff.
Comparatively, while the VaR is a frequency-based estimate, the CVaR is the severity-based measure that
is still to be minimised by risk-averse investors.

Due to its simplicity and ease of interpretation, the Sharpe Ratio has become one of the most
widely used reward-to-variability performance measures. It is the ratio between the mean and the
standard deviation of the portfolio’s return [44]. Many alternatives to the Sharpe ratio have been
proposed in the literature [24]. One such alternative is the Sortino ratio, in which the negative deviation
from the mean return is considered as a measure of variability instead of the standard deviation [26].
Specifically, an investment option with a higher Sharpe or Sortino ratio is considered to be superior to
its alternatives.

Unlike the reward-to-variability ratios, a Rachev ratio is a reward-to-risk performance measure that
was developed to measure the right-tail reward relative to the left-tail risk in the worst & x 100% cases [25].
Obviously, this is a performance measure that investors wish to maximise.

Many researchers has been devoted to finding the right risk or performance measure, but it is believed
that such a perfect measure does not exist because such measures typically depend on at most two
parameters to describe the complexity of a distribution [45]. However, most decision makers have some
common beliefs and perceptions involving risk.

2.6. Performance Ratio Based on Pairwise Stochastic Dominance

To help a pension system participant choose the most preferable fund among all available funds
(random variables), we propose the following ratio R.

Definition 1. The stochastic dominance ratio R; of random variable C; is defined as

+ —
D;" — D;

=1 I i=1.N; 1
D} +D; M

i
where N is the total number of random variables, D' is the number of stochastic dominance relations in which ¢;
dominates another variable for some probability distribution and SD order and D, is the number of dominance

relations in which &; is dominated by another variable for some probability distribution and SD order.

More precisely,

N K M . N K M .
Df=3Y Y Y C and D; =) ) ) C" )
j=1lk=1m=1 j=lk=1m=1

where Cf«‘]«m are matrices of SD pairwise comparisons according to the distribution k and SD rule m, K is the
number of distributions assumed and M is the number of SD rules used, i.e., Cf-‘jm = 1 if fund i dominates
fund j with respect to the mth order SD using the kth probability distribution and Cf.‘jm = 0 otherwise.
In our experiment, we use N = 37 pension funds; K = 4 since empirical, student-t, hyperbolic and NIG
distributions are analysed; and M = 3 since three SD rules (FSD, SSD and TSD) are employed. In total,
12 matrices Cf‘j’” represent the pairwise comparisons summarised in the Figure of Section 3.7.

The proposed ratio R; is equal to 1 if the fund i dominates at least one other fund and is not dominated
by the other funds j = 1... N, (j # i) available. In this case, the fund i is regarded as the efficient fund
since it outperforms at least some other fund and is dominated by no other fund. If there are several funds
with R; = 1, then the most preferable fund is the one with the greatest D;" value since it then dominates
more funds. Furthermore, the ratio R; is equal to —1 if fund i is dominated by at least one other fund j
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(j # 1) and does not dominate any other fund. In this case, fund i is regarded as a bad fund (the most
inefficient), since it dominates no other fund and at least one fund exists that dominates it. All other values
of ratio R; are in the interval (—1;1).

Moreover, if we aim to compare how funds, on average, perform in a particular country, we can
estimate the average R ratio.

Definition 2. The average stochastic dominance ratio over set h is defined as

_ 1 M
R'= — Y R; 3)

where h denotes the set indicator and Ny, is the number of elements in set h.

In this paper, i denotes the country we are interested in and Nj, is the number of funds operating in
country h.

Furthermore, the country indicator h can be easily substituted by a risk profile indicator or even a
fund manager indicator. Such averaging is useful in the detailed comparison of funds and should facilitate
the selection of a pension fund or fund manager.

2.7. Experimental Design

In this section, we describe the detailed scheme used in our experiment.

According to the literature review, empirical analyses and parameterisation results of pension fund
returns, there is no clear evidence as to which fund should be considered to be the dominating fund and
which parametric or non-parametric approach should be used. To clarify which fund should be selected
by a pension system participant, we propose the following analysis scheme:

1. Find pairs (following [22]) exhibiting empirical FSD, SSD and TSD dominance. Doing so generates
three matrices CK of size 37 x 37 with cg? equal to 1 if ith fund dominates jth fund according to mth
SD rule (m = 1, 2, 3), and 0 otherwise. In this case, we set k = 1 as empirical distribution indicator.

2. Sum up all three matrices mentioned above and create a new matrix C*? (see Section 3.3). This matrix
reveals pairwise compliance with empirical SD. The value 0 indicates that there is no dominance,
1 indicates compliance with TSD, 2 indicates compliance with TSD and SSD and 3 indicates compliance
with all three SD rules for an empirical distribution.

3. Find pairs for each probability distribution for which FSD, SSD and TSD parametric dominance is
fulfilled (using Theorem 1). Doing so generates nine matrices Ckm of size 37 x 37. Here, k = 2, 3,4
denotes the student-t, hyperbolic and NIG distributions, respectively (m = 1, 2, 3 is used in the same
sense as in Step 1.

4. Sum up the matrices according to the indicator m and fix k. Doing so generates three matrices
CSt, CHYP and CNIC that reveal the SD pairs for the student-t, hyperbolic and NIG distributions,
respectively (see Sections 3.4-3.6, respectively).

5. Sum up all matrices C*"?, C5, CHY? and CN'C. Doing so creates a new matrix C which reveals all SD
compliances found (see Section 3.7).

6. Calculate the performance measure R for all funds using matrix C and Equation (1).

7. Arrange funds in descending order according to the R values obtained. Funds remaining in the first
rows (or having an R equal to 1) are not dominated or are less dominated and should be recommended
to the pension system participant as efficient and more preferable choices compared to the other
funds included to the analysis.

8.  Find the average R ratio with respect to country, risk profile or manager.
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Following this proposed scheme, the decision maker will be able to find efficient pension funds and
pension fund managers and later select the most preferable fund according to his risk profile.

3. Results

This section examines the performance of selected pension funds operating in Lithuania and Slovakia.
First, the risk measures and performance ratios are estimated, since they are typically used to compare
investment returns. Next, we look into the parameterisation results for the distributions fitted to
pension funds’ returns. The detailed analysis of pairwise stochastic dominance based on particular
empirical distribution and parametric probability distributions are presented in subsequent subsections.
Next, all calculations are used in the derivation of performance ratios based on the stochastic dominance,
which are used to identify a list of efficient and inefficient Pillar II funds in the Lithuanian and Slovak
pension systems.

3.1. Risk and Performance Analysis of Pillar I Pension Funds

The data used in the study were collected from the websites of pension fund managers for the period
2011-2018. The dataset included eighteen Lithuanian PFs and nineteen Slovak PFs, each of which was
assigned to a risk group based on its investment share in stocks:

RO—risk-free funds (0% stocks);

R1—low-risk funds (less than 30% stocks);
R2—medium-risk funds (less than 70% stocks); and
R3—high-risk funds (up to 100% stocks).

In the analysis, the main variable representing PF is its weekly log-return. To quantify the risk of
PFs, historical 99% Conditional Value-at-Risk (CVaR) was estimated for all pension funds. In addition,
three performance ratios, specifically the Sortino (MAR = 0%), Sharpe (Rf = 0%) and Rachev (99%) ratios,
were computed for the returns (see Table 3).

Considering the mean return and risk measured by the standard deviation (StDev) and CVaR, it can
be observed that a low mean is accompanied by low risk, which is in line with the risk group assigned.
However, within the medium-risk group, we can distinguish the fund Prosperita_R2, which resulted in a
comparatively high StDev of 0.0127 and a CVaR of 0.0437, while the average (0.0008) is expected to be
higher for this type of fund. It is interesting to note that, while the high-risk funds have the highest StDev
and CVaR values, the ranking of the pension funds is not so evenly distributed on the basis of risk group.
Surprisingly, the risk-free funds INVL.STABILO_RO0, SWED1_RO0, Dlhopisovy_R0 and Garant_RO resulted
in skewness less than —1, which, together with high value of kurtosis, indicate potential loss, while the
risk-free funds LUMINOR1_RO and AVIVA . EURO_RO0 might be attractive to the investor due to the positive
skewness. A comparison of the funds based on the performance ratios, such as Sharpe and Sortino ratios,
shows that almost all risk-free funds achieved the highest values, with the exception Dlhopisovy_RO.
Notably, the risky funds Prosperita_R2 and Index NN_R3 demonstrated poor performances over the
inspected period. Recall that the Rachev ratio measures the right-tail reward relative to the left-tail risk.
Arranging the PFs based on the Rachev ratio reveals that only two funds, namely, LUMINOR1_RO and
AVIVA EURO_RO, achieved values larger than 1, which means that excess loss is balanced by excess
profit. Surprisingly, the risk-free funds, including INVL.STABILO_RO0, Dlhopisovy_R0, SWED1_R0
and Garant_R0, demonstrated the worst results by achieving the smallest values of the Rachev ratio,
which could be explained by the skewness and kurtosis observed for these funds. Comparatively, the funds
Perspektiva_R3 and Index_NN_R3 could also be classified as outsiders based on their Rachev ratios,
which could be compensated by high values of their means in the long-term. Notably, using the Rachev
ratio produces an arrangement of the pension funds based on their predefined risk groups that is not
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as uniform as the arrangements that have been observed for other measures. To summarise, there exist
significant differences in the risk-return performance of pension funds based on the estimated empirical
characteristics; therefore, the selection of one pension fund within each country is a challenging exercise.

Table 3. Empirical characteristics: mean, standard deviation (stdev), skewness, kurtosis, conditional
Value-at-Risk (CVaR), Sharpe, Sortino and Rachev of PFs arranged by established risk groups.

Fund Descriptive Statistics Risk and Performance Ratios

Mean StDev Skewness Kurtosis CVaR Sharpe Sortino Rachev
Dlhopisovy_R0 SK 0.0002 0.0013  —1.5630 6.3531  0.0052 0.1486  0.1999  0.5655
Garant_RO0 SK 0.0002 0.0012 —1.1128 32862  0.0038 02166  0.3093  0.6594
Klasik_RO SK 0.0004 0.0011 —0.6523 22853  0.0034 0.3600  0.5950  0.9595
Solid_RO SK 0.0002 0.0009 —0.7737 2.6072  0.0027 02779 04334  0.7919
Tradicia_RO SK 0.0001 0.0008 —0.8076 34264  0.0026 0.1807 02593  0.8490
AVIVA.EURO_RO LT 0.0003 0.0017 0.3968 3.4034  0.0077 0.2057  0.3484  1.4187
INVL.STABILO_RO LT 0.0005 0.0020 —4.1555 414131 0.0163 02766 03707  0.5255
LUMINORI1_RO LT 0.0004 0.0011 0.1197 3.0241  0.0042 0.3156 0.5729  1.1582
SEB1_RO LT 0.0002 0.0014  —0.3368 2.6422  0.0044 0.1355  0.2057  0.8842
SWED1_RO LT 0.0005 0.0021 —1.9527 13.1252  0.0108  0.2445 0.3483 0.6101
Harmonia_R1 SK 0.0007 0.0056  —0.5034 1.8058  0.0188 0.1227  0.1774  0.9112
Mix_R1 SK 0.0008 0.0071  —0.4434 21215  0.0235 0.1165 0.1674  0.9003
Stabilita_R1 SK 0.0005 0.0024 —0.9765 3.3749  0.0078 0.1980  0.2837  0.7204
AVIVAEEUROplius_R1 LT 0.0006 0.0041  —0.5298 0.7581  0.0139 0.1491 02191  0.7949
INVLMEZZO_R1 LT 0.0009 0.0052  —0.7054 17131  0.0184 0.1785 02641  0.7110
LUMINOR2_R1 LT 0.0006 0.0039  —0.4379 0.9476  0.0129 0.1656  0.2470  0.9885
SWED2_R1 LT 0.0008 0.0046 —0.6286 1.1352  0.0162 0.1724 02537  0.8204
Akciovy_R2 SK 0.0008 0.0061  —0.5029 1.8258  0.0204 0.1279  0.1850  0.8606
Dynamika_R2 SK 0.0009 0.0080  —0.6035 19851  0.0271 0.1145  0.1632  0.8498
Profit_R2 SK 0.0010 0.0095 —0.5874 23548  0.0307 0.1049  0.1481  0.7997
Progres_R2 SK 0.0012 0.0148  —0.4633 22268  0.0486 0.0790  0.1110  0.8873
Prosperita_R2 SK 0.0008 0.0127  —0.7266 3.6952  0.0437 0.0642 0.0875  0.7726
Vital_R2 SK 0.0008 0.0083  —0.6666 2.8912  0.0267 0.0948 0.1328  0.7628
AVIVAEUROextra_R2 LT 0.0009 0.0075  —0.5983 09845  0.0265 0.1161  0.1652  0.7640
INVL.MEDIO_R2 LT 0.0013 0.0098  —0.4811 07321  0.0325 0.1296  0.1884  0.8066
LUMINOR3_R2 LT 0.0009 0.0069  —0.4276 1.0225  0.0232 0.1351  0.1978  0.9522
SEB2_R2 LT 0.0008 0.0088  —0.4303 13341  0.0303 0.0932  0.1325  0.9484
SWED3_R2 LT 0.0010 0.0078  —0.5339 07111  0.0263 0.1285  0.1852  0.8297
SWED4_R2 LT 0.0011 0.0108 —0.5025 0.6584 0.0361  0.1049 0.1494 0.8141
Index_aegon_R3 SK 0.0019 0.0181  —0.5539 14773  0.0631 0.1039  0.1476  0.7330
Index_NN_R3 SK 0.0016 0.0235  —0.4956 0.7958  0.0803 0.0663  0.0926  0.7069
Index_VSB_R3 SK 0.0018 0.0181  —0.4855 13024  0.0625 0.0999  0.1428  0.7536
Indexovy_R3 SK 0.0019 0.0180  —0.5316 1.3843  0.0627 0.1073  0.1532  0.7428
Perspektiva_R3 SK 0.0017 0.0186  —0.6628 15785  0.0672 0.0886  0.1232  0.6780
INVL.EXTREMO_R3 LT 0.0017 0.0166 —0.5411 1.2450 0.0579  0.1048 0.1493 0.7477
SEB3_R3 LT 0.0013 0.0149  —0.4055 1.0172  0.0505 0.0869  0.1236  0.9043
SWED5_R3 LT 0.0014 0.0160  —0.5481 0.9050  0.0557 0.0864  0.1211  0.7640

Note 1. Normality hypothesis was rejected for all series analysed with p < 0.05. Note 2. SK indicates Slovak fund
and LT indicates Lithuanian fund.

3.2. Parameterisation of the Student-t, Hyperbolic and NIG Distributions

Parameters of student-t, hyperbolic and NIG distributions were estimated using the maximum
likelihood estimation method (using R software). Anderson-Darling (AD) statistics was used to check
goodness-of-fit [46]. According to the AD statistics, all selected probability distributions were fitted to
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weekly log-returns of pension funds with p < 0.01. Notably, no distribution can be selected as the most
preferable one. Recall that the normal distribution was certainly rejected with p < 0.05.

Next, we review the parameter estimation results for each distribution used in the research.

From the results in Figure 4, one conclusion can be drawn that less risky pension funds have
substantially smaller student-t parameters v, which implies that these funds have heavier tails than
the other ones. Surprisingly, the fund Vital in the R2 group has the smallest v parameter among all funds,
which indicates that the tails of the distribution will be heavy and theoretically the variance does not exist.
However, it also has the worst fit according to the AD statistics. Moreover, the location parameter y and
scale parameter ¢ are substantially larger for the R3 group, as expected.

Risk group RO
M Risk group R1
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O Slovakian
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Figure 4. Scatter plot of estimates of location and degrees of freedom parameters of scaled student-t
distribution for Slovak and Lithuanian pension funds.

Next, we describe the parameter estimation results for the hyperbolic and NIG distributions.

Figures 5 and 6 clearly show that less risky funds have greater « parameter, while riskier funds
have smaller « parameter. The hyperbolic distribution shows this result more clearly. However, such a
result is not a surprise since greater « indicates a fatness of the tails similar to those observed in a normal
distribution (¢« — o0), while smaller values indicate heavier tails.

It is worth emphasising that the asymmetry (no mater what distribution is considered) is mainly
negative, which indicates the negative tendency in return deviations. For both distributions, only the
Lithuanian funds from the smallest risk Group R0 have positive Bs. In particular, the Lithuanian funds
LUMINOR1_RO and SWED1_RO are the only funds with positive asymmetries in both cases, while the
Slovak fund Dlhopisovy_R0 has the most negative ,with a value close to —400.
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3.3. Pairwise Stochastic Dominance based on Empirical Distribution

In this section, the stochastic dominance relations are analysed for the empirical weekly log-returns

of each PE, with the equal probability 1/ assigned to each observed return. In order for the analyses to be
interpretable over a wide range of risk preferences, we carried out experiments for all three criteria within

the SD framework (FSD, SSD and TSD). The procedure involved
any two funds, X; and X;,i,j = 1,2,...37.

making pairwise comparisons between

Figure 7 reports the results of the SD pairwise comparisons under all three dominance rules.
Only those pairs for which there was found at least one SD relation are presented.
Figure 7 (and Figures 8-10) should be understood as follows:

If the cell is red, then FSD, SSD and TSD were found.
If the cell is blue, then SSD and TSD were found.
If the cell is yellow, then only TSD was observed.

The fund in the row dominates the fund in the column if the corresponding cell is not blank.
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Based on Theorem 1, if FSD is found, then SSD will definitely be found too. Accordingly, if SSD is
found, then TSD will also be found.

It is of no surprise that only a single pair obeying FSD relation was identified (red cell in Figure 7)
because this condition is very strict and related more to arbitrage. Hence, such case when Klasik_RO
dominates Garant_R0 under empirical FSD is rather the exception in our analysis, with no more FSD
relations found under any parametric assumptions.

All Empirical SD's

] |

e REE |
Harmonia_R1 = ]
ndex_aegon_R3 —
Perspektiva R3 =—{ H
Profi Rz —|
Progres R2 — O No domination
Prosperita R2 —| B FSD & SSD & TSD
soidro — || . B SSD&TSD
TR B . O TSDonly
Tradicia R0 —|
vial Rz —

N

Figure 7. Empirical SD relations for all PFs.

3.4. Pairwise Stochastic Dominance under a Student-t Distributional Assumption

In Figure 8, we present the results based on the assumption that the returns follow student-t
distribution.

To obtain SSD and TSD, we used numerical (correspondingly single or double) integration of the
difference between the student-t cumulative distribution functions for each pair of funds, as given in
Theorem 1. Figure 8 clearly shows that no FSD relation was found; moreover, SSD relations are also
rarely observed. In particular, the fund Vital R2 is significantly dominated by most of the remaining
funds through a TSD relation and also in some funds using SSD rules. What is obviously specific to this
fund is that it has the smallest parameter v among all funds analysed, while the other parameters are not
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distinguishable comparing to other funds. On the whole, neither of the countries has an advantage in the
number of clearly dominated or dominating funds, with the exception of Slovak fund Vital_R2.

All SD's according to Student t distribution
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Index_VSB_R3 —{

Figure 8. SD relations for all PFs assuming student-t distribution.
3.5. Pairwise Stochastic Dominance under a Hyperbolic Distributional Assumption

In Figure 9, we report on the pairwise SD comparison results for returns following a
hyperbolic distribution.

No FSD relations were determined. However, under the hyperbolic distributional assumption,
fewer Lithuanian funds are dominated than Slovak funds, i.e., only five Lithuanian funds are dominated,
whereas nearly all Slovak funds are dominated by the TSD rule and, in some cases, the SSD rule.
Notably, only a few funds do not dominate other funds in both countries.
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All SD's according to hyperbolic distribution
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Figure 9. SD relations for all PFs assuming hyperbolic distribution.

3.6. Pairwise Stochastic Dominance under a NIG Distributional Assumption

In Figure 10, the pairwise SD comparison results are demonstrated for returns following a
NIG distribution.

The results in this case are similar to the results obtained under the hyperbolic distributional
assumption; however, there are several differences. The SSD relations observed in the NIG case are
mainly reflected under hyperbolic assumption too. However, in some cases, SSDnjg became TSDy,y,,,
e.g., the SSD relation for the pair Mix_R1 versus Prosperita_R2 became the TSD (the same holds for
AVIVA.EUROextra_R2, LUMINOR3_R2 and SEB2_R2 to Prosperita_R2, etc). In a similar manner, the TSD
in NIG case remained TSD under hyperbolic assumption. However, some TSDs observed in NIG case
vanished in the hyperbolic case, e.g., Dynamika_R2 to Vital_R2. Furthermore, several TSDs appear in the
hyperbolic case and are not observed in NIG case, e.g., Klasik_RO to Index_NN_R3.

These results lead to the empirical conclusion that NIG SSD relation implies a hyperbolic SSD or TSD;
however, the inverse does not hold. Summarising, stochastic dominance under the NIG assumption is
more powerful than SD under the hyperbolic assumption; in practice, this finding means that different
results will be obtained under these distributional assumptions and that both distributions must be
assumed in decision making.
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Figure 10. SD relations for all PFs assuming NIG distribution.

3.7. Overall Pairwise Stochastic Dominance Comparison Assuming all Considered Distributions

In this section, we explain the differences found in the SD pairwise comparisons when assuming the
empirical, student-t, hyperbolic and NIG probability distributions for fund returns. Figure 11 summarises
the results obtained in Sections 3.3-3.6 by presenting the matrix C used in Equation (2) and Step 5 from
Section 2.7.

The entry c;; of matrix C and its corresponding value in Figure 11 identify how many times any
kind of stochastic dominance was present for a particular pair i and j under the different assumptions
used. There were a number of pairs, as seen in the figure, for which no SDs were identified at all.
The greater the value of the entry is, the more times the SD relation was observed during the experiment.
Therefore, with increasing value, a decision maker should become more confident that some type of SD
relation exists for a particular pair. A value 1 means that a TSD was observed just once for pair ij under all
distributional assumptions. It is a bit more complicated to explain what values of 2—4 mean. For example,
a value of 2 may mean that, for a pair ij, SSD and TSD relations were found under a single distributional
assumption (e.g., Index_aegon_R3 and Index_NN_R3 in the empirical case) or two TSD relations were
found under different distributional assumptions (e.g., Solid_R0 and Index_NN_R3 in the case of the NIG
and hyperbolic distributions). Similar situations occur for the values of 3 and 4. The value ¢;; = 4 is the last
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case in which it is possible to observe only TSDs for the pairs involved. The value of 5 can be observed if
at least one SSD and four TSDs are found for a pair ij. The value of 6 can be obtained for at least two SSDs
and four TSDs. However, these cases mentioned are not of interest to the investor because the number
of identified relations is less than median possible value and the of SD relation may be treated as weak.
Moreover, there may be situations in which the SD was not observed under a single specific distribution,
e.g., for the pair Dynamika_R2 and Prosperita_R2, no SD was identified under the student-t distributional
assumption. Such issues cannot come up for seven and more identified relations. A value of 8 coincidences
defines the benchmark for strong stochastic dominance because for a pair ij, all SSDs and all TSDs must be
identified. For nine and more coincidences (in our case, for pair Klasik_R0 and Garant_RO0), at least one
FSD must be identified (in this case, an empirical FSD was observed), and the decision maker should be
confident that the true stochastic dominance was found for a particular pair of funds.

Coincidences in all SDs and all distributions
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Figure 11. SD for all PFs assuming all considered distributions.

To reveal the differences in SD comparison results, it is enough to compare Figures 8 and 11,
where matrices C and C°* are presented. It can be clearly seen that mainly cases with entry values equal to
1 coincide if under the student-t distributional assumption only TSD was identified. Moreover, values of
7-9 in C coincide with SSD in C, which implies that the SSD under student-t distributional assumption
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might be a necessary condition for the existence of stronger SD relations. The difference in results is not
very large when comparing hyperbolic SDs with NIG SDs. While the hyperbolic assumption allowed
more SD pairs in general to be identified, the NIG distributional assumption had a higher rate of SSD
compared to TSD.

3.8. Selection of the Most Preferable Pension Fund Based on Stochastic Dominance Ratio

In this section, the stochastic dominance ratio, which was proposed as a measure for identification
of efficient funds and the most preferable PF (see Section 2.6), is estimated for all funds. Table 4 reports
the R;, D;" and D; ratios for the Slovak and Lithuanian funds as well as the mean ratios per risk group
and country.

According to the SD ratios, the risk-free (R0) funds Klasik_R0, Solid_R0O and INVL.STABILO_RO
are efficient because they are not dominated by other funds (R; = 1); moreover, the Slovak fund
Klasik_RO is the most preferable of those in this risk group because it dominates more funds than
any other efficient fund from this risk group (D¥,,.. > D& ,.; > Dinvisrasio)- The Lithuanian
funds INVL.MEZZO_R1, LUMINOR2_R1 and SWED2_R1 from the group of low-risk (R1) funds are
the only efficient funds, while the most preferable fund is INVLMEZZO_R1 (D}\v; mezzo > Daweps >
Dzru MINOR2)- In the medium-risk (R2) group, the funds INVL.MEDIO_R2, LUMINOR3_R2 and SWED3_R2
are efficient, while LUMINOR3_R? is the most preferable. The efficient funds in the high-risk group (R3)
are Indexovy_R3, INVL.EXTREMO_R3, SEB3_R3 and SWED5_R3, with Indexovy_R3 being the most
preferable fund.

As noted in the paragraph above, participants in the Slovakian and Lithuanian pension systems can
select appropriately efficient funds from the risk-free and high-risk fund groups. However, there are no
efficient Slovak funds in the low- or medium-risk groups. What should a Slovak participant do if his/her
risk profile is somewhere in the middle, i.e., the participant prefers low- or medium-risk funds? We try to
answer this question for each group separately.

In Group R1 (low-risk), there is only one fund with a positive SD ratio. Fund Mix_R1 is dominated by
only three Lithuanian funds (see Figure 11) and dominates two Slovakian funds and one Lithuanian fund
implying that this fund not so bad choice for participant who strongly prefers low-risk funds and lives
in Slovakia.

In Group R2 (medium-risk), the two Slovakian funds Dynamika_R2 and Profit_R2 have positive SD
ratios and potentially could be selected for investment. Both funds are dominated by just Lithuanian
funds (see Figure 11). Moreover, they dominate the Slovakian funds Prosperita_R2 and Vital _R2 from the
same risk group. However, Dynamika_R2 dominates more strongly (because Dgy namika > Do fi ;), and it
dominates one additional Lithuanian fund, thus it should be selected as the most preferable Slovakian
fund in this group.

If the participant has no preference in terms of a risk profile (group), then he should select an efficient
fund anyway, because the SD ratio R; = 1 indicates that no fund exists anywhere that can dominate
fund i under any circumstances. The most preferable fund in Slovakia, according to Table 4, is Klasik_R0
(Rkiasik = 1 and DZI ik = 36 is maximal among Slovakian funds), and the most preferable Lithuanian
fund is INVLMEZZO_Rl (RINVL.MEZZO =1and D?_NVL.MEZZO = 49)

iy . mtrisk - isk .
Additionally, Table 4 presents two mean ratios R~ F and REOUNYIMSKEIOUP o) the comparison of

risk groups, in general, and then, more deeply, within countries as well.

Firstly, the averaging is done within a particular risk group. The ratio RSP ghows how good
funds from a particular risk group are. For example, a participant in the pension system can easily compare
funds included in risk Group RO with funds from other risk groups. In our experiment, the risk-free funds

(RO) did slightly better than the low-risk funds (R1) because RY =013 > R = 0.08 and outperform
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Table 4. The estimated stochastic dominance ratio.
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medium-risk funds (R2), for which R® = —0.04, which indicates that this group of funds is more
SD-dominated than -preferred. However, it is no surprise that high-risk funds (R3) are more preferable (on
average) than any other group because the average SD ratio for the group is equal to 0.43.

Fund Country  Fund Manager D} Dy R, RUkeow R
Dlhopisovy_RO Slovakia AXA d.s.s. 6 19 —-052
Garant_RO Slovakia Allianz-Slovenska 13 13 0
Klasik_RO Slovakia VUB Generali 36 0 1 0.40
Solid_R0O Slovakia Aegon 19 0 1
Tradicia_RO Slovakia NN d.s.s. 6 2 0.5
AVIVA.EURO_RO Lithuania AVIVA [ T 0.13
INVL.STABILO_RO Lithuania INVL 14 0 1
LUMINORI_RO Lithuania LUMINOR 21 4 0.68 014
SEB1_RO0O Lithuania SEB 0 34 -1
SWED1_RO Lithuania Swedbank 3 7 —04
Harmonia_R1 Slovakia NN d.s.s. 0 14 -1
Mix_R1 Slovakia VUB Generali 16 8 0.33 —047
Stabilita_R1 Slovakia DSS Postovej banky 1 7 —-0.75
AVIVA EUROplius_R1 Lithuania AVIVA 0 2 -1 0.08
INVL.MEZZO_R1 Lithuania INVL 49 0 1
LUMINOR2_R1 Lithuania LUMINOR 2 0 1 0.50
SWED2_R1 Lithuania Swedbank 20 0 1
Akciovy_R2 Slovakia AXA d.s.s. 0 13 -1
Dynamika_R2 Slovakia NN d.s.s. 15 12 0.11
Profit_R2 Slovakia VUB Generali 7 6 0.08
Progres_R2 Slovakia Allianz-Slovenska 2 14 —0.75 —0.59
Prosperita_R2 Slovakia ~ DSS Postovej banky 1 65 —0.97
Vital_R2 Slovakia  Aegon 0 54 -1
AVIVA.EUROextra_R2 Lithuania AVIVA 15 9 025 —0.04
INVL.MEDIO_R2 Lithuania INVL 16 0 1
LUMINOR3_R2 Lithuania LUMINOR 28 0 1
SEB2_R2 Lithuania SEB 6 34 07 0.52
SWED3_R2 Lithuania Swedbank 25 0 1
SWED4_R2 Lithuania Swedbank 7 2 0.56
Index_aegon_R3 Slovakia Aegon 8 7 0.07
Index_NN_R3 Slovakia NN d.s.s. 2 20 —0.82
Index_VSB_R3 Slovakia VUB Generali 10 1 0.82 0.08
Indexovy_R3 Slovakia AXA d.s.s. 16 0 1
Perspektiva_R3 Slovakia = DSS Postovejbanky 5 23 —0.64 0.43
INVL.EXTREMO_R3 Lithuania INVL 12 0 1
SEB3_R3 Lithuania SEB 3 0 1 1.00
SWED5_R3 Lithuania Swedbank 2 0 1

Note. E* _ Ecountry\riskgroup‘

Next, the averaging is done within particular risk groups in Lithuania and Slovakia separately using

ountry[risk 8rOUP g the last column, it is easy to deduce that the funds operating in Lithuania are

more preferable that those operating in Slovakia, with the exception of risk-free funds. The average SD
ratio for the RO group of Slovak funds is 0.4, while, for Lithuanian funds, it is —0.14. Such a difference
indicates that, on average, risk-free Slovak funds are better managed than Lithuanian funds. It is worth
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emphasising that Lithuanian low-risk (R1) funds are much more preferable than Slovakian R1 funds since
their estimated average SD ratio RYET — 0,50 is much greater than RASK = 047, Notably, the most
preferable fund overall, INVL.MEZZO_R1, is from this group, with R=1,andits D equal to 49, while the
most preferable Slovak fund, Klasik_R0, has Dt = 36. The greatest difference between two countries in
average SD ratio is observed in Group R2, where R — 0,52 and R*X = —0.59. The low SD ratios of
Slovak funds indicates a subpar average performance compared to other funds.

Finally, we examine the outstanding group of high-risk funds (R3), where smallest average SD ratio
for the Slovak funds is 0.08. Moreover, the Lithuanian funds in this group have an average FR:‘;‘LT =1,
which indicates that all funds in this subgroup are efficient.

In the same manner, we can identify the “worst” funds and their risk groups in each country. Moreover,
if necessary or a participant would like to, it is easy to compare entire pension systems between countries
or pension fund managers. The latter comparison is useful when selecting a PF management company for
an entire career. Such behaviour is observed in Lithuania, where participants are rather passive and do not

react to changes in the financial market.

4. Discussion

In the current paper, we examine a case study focusing on the comparison of pension funds within
risk groups and within countries over a certain time period. According to the proposed dominance ratio,
the most preferable pension funds are found in the Lithuanian high-risk fund group (R3), while the least
preferable are in the Slovakian medium-risk fund group (R2).

To put it another way, the estimated SD ratio can be also used to evaluate the PF managers.
For example, among Lithuanian companies, the absolute top manager is “Invalda INVL Group”.
All pension funds managed by this company resulted in SD ratio of 1, which means that the company
can suggest efficient fund in every risk group. Conversely, the funds managed by SEB bank have both
negative and positive SD ratios, depending on risk group selected. Within the Slovak pension system,
no most preferable manager was found, but, for example, all funds, namely, Klasik_R0, Mix_R1, Profit R2
and Index_VSB_R3, managed by “VUB Generali d.s.s.” had positive SD ratios. Notably, all funds, namely,
Stabilita_R1, Prosperita_R2 and Perspektiva_R3, managed by “DSS Postovej banky d.s.s.” were estimated
to have negative ratios. This point is important when a participant is not planning to change the pension
fund manager in future but only a risk group within the same manager. In practise, the participants often
have some default choices, in either risk group or PF manager. The newly developed stochastic dominance
ratio not only helps a participant to select the best fund from a default group but also allows them to
compare the default group with the other groups, perhaps providing important information about the
quality of the default choices.

The interesting question is how the efficiency of PFs based on newly derived SD ratio corresponds
with the estimated risk and performance measures. On the basis of risk groups defined by the stock share
in a portfolio, it is possible to observe that the high-risk Group R3 is the most efficient group, which can be
explained by the contained risk and comparatively high mean returns exhibited by the funds within Group
R3. Considering Group R2 and especially the Slovak PFs within this group, the negative SD ratios could be
related to the estimated risk measures, which are more in line with those observed for Group R3 and are
not outweighed by a sufficiently high mean. On the other hand, if we consider the risk-free funds in the RO
group, the Lithuanian funds had negative and lower SD ratios than the Slovak funds. Even though the risk
estimates are similar between the countries, the mean value observed for the Lithuanian funds is smaller.
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5. Conclusions

The current paper presents decision making rules based on the three most commonly used stochastic
dominance relations, i.e., FSD, SSD and TSD, for the selection of a private pension fund. The approach
was demonstrated for the PFs operating in Lithuania and Slovakia, but it is not limited to these countries
and can be applied for the selection of an investment fund when there are many alternatives and different
possible risk profiles for the decision maker. Stochastic dominance allows the dominated (or inefficient)
funds to be identified. Since the decision rules based on SD could be integrated into a robo-advisory
solution, the sensitivity of the rules to the distributional assumption (empirical, student-¢, hyperbolic and
NIG) is investigated in this paper.

Furthermore, a new stochastic dominance ratio and corresponding decision-making rules are
proposed. This ratio allows assets (pension funds) to be ranked while taking into account all
the distributional and SD assumptions considered to be equally important for decision makers.
Moreover, the averaged ratio allows funds assigned to different risk groups based on the stock shares in
the portfolio to be compared.

As an alternative to the approach presented in the current paper, weaker types of stochastic
dominance such as decreasing absolute risk aversion stochastic dominance, increasing relative risk
aversion (see [47]) or almost stochastic dominance (see, e.g., [48] of various orders) could be considered;
however, tractable formulations exist only for discrete distributions.

The probability distributions considered in this paper were mainly from the family of
semi-heavy-tailed distributions; however, the results of our data analysis indicate that some funds
have shape parameters that are indicative of fat-tailed distributions (¢ or v is rather small).
Therefore, the possible inclusion of fat-tailed distributions could be analysed in future research.

One of the basic features of PF selection in Lithuania and Slovakia is that every participant can
choose only one second-pillar pension fund, that is, no diversification is allowed. If at least limited
diversification were possible, then notion of portfolio efficiency with respect to stochastic dominance could
be employed [49]. Moreover, one could formulate portfolio selection models maximising the dominance
ratio.Alternatively, a pre-selection of pension funds based on the dominance ratio could be undertaken
before applying some of the usual portfolio selection models. In this case, only funds with R = 1 could be
used as base assets. Finally, dynamic (multi-stage) portfolio (or asset-liability) management models [5,8,27]
could be extended in order to find the optimal investment strategy for a participant. These models could
either maximise the dominance ratio or at least keep it reasonably high (only portfolios with sufficiently
high dominance ratios would be feasible).
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Abbreviations

The following abbreviations are used in this manuscript:

CDF

Cumulative distribution function

CVaR  Conditional Value-at-Risk

FSD
GIG
NIG

First-order stochastic dominance
Generalised inverse Gaussian
Normal Inverse Gaussian

OECD  Organisation for Economic Cooperation and Development

PF Pension fund

PDF Probability density function

SD Stochastic dominance

SSD Second-order stochastic dominance

TSD Third-order stochastic dominance

VaR Value-at-Risk

WB World Bank
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