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Abstract

Choosing the right portfolio is challenging, especially for non-professional investors. In practice, in-
vestors are often classified into three risk profiles (conservative, balanced, dynamic), while investment
products in the European Union are classified into seven categories using the Summary Risk Indicator
(SRI). This mismatch may lead to investors with the same profile being recommended products with
different risk levels. This paper proposes a methodology that aligns investor classification with the sev-
en-level SRI scale. A fuzzy logic based investment questionnaire classifies investors into seven risk
groups. For each group, a portfolio is constructed using Conditional Value at Risk optimization under
undertakings for collective investment in transferable securities (UCITS) constraints. Empirical results
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based on Eurostoxx 50 data from 2020-2025 period show that the optimized portfolios achieved high-
er returns and lower downside risk than the benchmark. For example, the SRI 5 portfolio had an annual
return of 16.12% compared to 11.3% for the benchmark.

Keywords: Undertakings for Collective Investment in Transferable Securities, Packaged Retail and In-
surance-based Investment Products, The Markets in Financial Instruments Directive, fuzzy, risk profile,

portfolio optimization

JEL Classification: G11, G18, G32, C61

1. Introduction

Achieving high returns is the most common requirement of most investors. However, not
everyone realizes that high returns are also associated with high risk in the form of fluctua-
tions in the value of financial assets. This market volatility is often attributed only to the neg-
ative side, but without volatility, high return assets could not exist. An ordinary non-profes-
sional investor has a difficult task in today’s world if he wants to choose which investment
instruments are the best for him. Without knowledge and experience in the field of finan-
cial markets, this is often impossible. It is precisely for these investors, who would often
choose the wrong investment instruments, that several directives, regulations and regula-
tions were created in the European Union. These instruments serve to protect investors and
seek to reduce investor risk, for example by diversifying between several investment instru-
ments. An advantage resulting from these regulations is also the need for greater awareness

of the composition and risks of the investment asset offered.

Another tool to help investors make the right choice is investment advisory, which is
regulated by the European MiFID II (Markets in Financial Instrument Directive). This direc-
tive is applied when providing investment services across European investors and ensures
a certain level of investor protection in the form of the need for market transparency or
the obligation to test the suitability and adequacy of the investor. The second framework
that affects the funds to which European investors can allocate their funds is UCITS (Under-
takings for Collective Investment in Transferable Securities). Every fund offered to European
investors has this designation at the end of its name, which speeds up the ability of investors
to choose according to the European standard. This directive requires that every UCITS fund
has a KIID (Key Investor Information Document), which contains standardized information
about the fund, its costs and risks. UCITS also talks about restrictions on the composition
of the fund and the maximum weights of individual securities. Together with these two di-
rectives, the PRIIPs regulation (Packaged Retail and Insurance-based Investment Products)
has also been in use since 2018. As with UCITS, PRIIPs are also required to have a KID (Key
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Information Document), which summarizes information about the product, for example
about structured products or funds. This approach replaces the KIID document used until
2018. Together with these directives and restrictions, the European Commission is contrib-
uting to reducing investment risk and making funds more transparent, which can benefit

investors who do not have the time or ability to examine each security in detail.

One of the changes that occurred with the application of PRIIPs was the adjustment
of the risk assessment of funds. Since 2018, the methodology has been modified, which until
now only considered the standard deviation of the fund and assigned a risk score from 1 to 7
based on the assigned interval. This methodology has proven to be insufficient and has been
modified in PRIIPs, where several parameters such as skewness, kurtosis or VaR (Value at
Risk) are added to the calculation. If we look at these guidelines, we will come across one
of the problems whereas funds are rated on a scale from 1 to 7, but the depth of investor
classification is not sufficient. The most common practice at the moment is to rate an inves-
tor based on an investment questionnaire into one of three risk groups (dynamic, balanced
and conservative). If we consider seven categories of funds and only three risk profiles of in-

vestors, the question arises whether these categories are sufficient.

When looking at each of the three groups, there can be huge differences between in-
vestors at the upper and lower edge of a given group and their ability to bear risk is often
diametrically different. At the moment, investment questionnaires that evaluate investor
responses are built on the basis of static default answers that are unable to capture the real
situation of the investor. A good example is a question about the investor’s net income fol-
lowed by a question about how much the investor is able to save per month. In this case,
the question does not examine the percentage of capital that the investor is able to save
compared to his net income, but only evaluates absolute values, which do not have a high

informative value. We illustrate this shortcoming in Figure 1.

Figure 1: Investment questionnaire

Net monthly income Can save monthly

< €300
€300-€799
€800—€1,499
= €1,500

< €20
€20-€299
2 €300

Source: Authors’ own elaboration
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Figure 1 presents real questions and answers from one unnamed Slovak financial insti-
tution. Let us consider two investors who classified themselves into the highlighted groups
in Figure 1. They could be students, part-time workers, but also people with permanent
employment. If the first investor had an income of €300 and could save €250, he would be
categorized in the same group as an investor who earns €750 and can save €20 per month.
As can be seen in this example, this is a disproportion and it is not possible, in our opinion,
to consider investors as belonging to the same risk category. We will solve this problem
in this paper using Fuzzy logic, where we will approach each investor individually. The an-
swers to the questions will be solved by filling in investor’s own values without pre-filled
options as it is done by now, which can often lead the investor to solutions that incorrectly
determine a higher risk profile. Each question will be evaluated on a scale from 0 to 1, based
on whether the investor has filled the required range with their answer. This way, we will be
able to more accurately determine the investor’s riskiness, as we will be able to look at each
one individually and each questionnaire will thus become personalized. The output will be
the aggregated average values of the answers, which will be interpreted as risk SRI (Sum-
mary risk indicator) values from 1 to 7. Since we are interested in covering the entire range
of investors and focusing on all risk groups, when constructing portfolios we will consider

not only stocks from the Eurostoxx 50 index, but also risk-free assets.

When constructing a portfolio, we will always strive to minimize risk, which will be
solved using the CVaR (Conditional Value at Risk) method. The goal will be to create efficient
stock portfolios (Markowitz, 1952) from the European Eurostoxx 50 index, which tracks
the 50 largest and most liquid companies from the eurozone countries. In the first step, we
will minimize the CVaR risk indicator. From this portfolio with the lowest possible risk, we
will continually increase the returns and minimize the CVaR to it. From these portfolios,
we will select representatives for SRI groups according to minimum risk. Those risk val-
ues represented by SRI that will not be available on the efficient frontier will be calculated
through the ratio of stocks and bonds so that we are at the mean value of annualized volatil-
ity for the interval from which the SRI risk score is created. In the last step, we will compare

the achieved results with the Eurostoxx 50 index itself and state the methodology used.

2. Literature review

Investing is an important topic for everyone, but not everyone has the ability to withstand
pressure in difficult market situations. For this reason, several regulations and principles
have been introduced that are recommended to be followed in order to reduce the num-

ber of investors who panic during problems in the financial markets and realize losses.
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There are several regulations and directives through which the European Commission seeks
to protect investors’ portfolios across the Eurozone. One of the objectives of the European
Commission, which affects all companies operating in the Eurozone, is that the European
Commission has committed to a net-zero economy by 2050 and at the same time states that
by 2030 it is necessary to reduce net greenhouse gas emissions by 55% compared to 1990
emissions (Grumann, Madaleno, Vieira, 2025). Of course, it should be noted that there are
also discussions (Froberg, Halling, 2024) and doubts (Yeoh, 2019) about whether MiFID II is
really beneficial for investors.

Be that as it may, European directives and regulations need to be adapted as they de-
termine the direction to which companies must adapt and thus affect business activities.
From the perspective of non-professional investors, several regulations and regulations
such as MiFID, UCITS or PRIIPS also arise and are also examined in several scientific articles.
The basis for classifying an investor is an investment questionnaire, which forms the basis
for assessing the investor’s risk. In addition to the standard approach, with predefined an-
swers, there are articles that examine the use of Fuzzy logic in investment questionnaires
to determine risk (Zhang et al, 2021). In this article, the authors do not consider regula-
tions or directives for European investors and deal only with four evaluation criteria, which
are age, education, gender and investment experience. From the perspective of MiFID, they
do not meet the questions that must be asked of investors. In our work, we will expand
this approach and create a questionnaire that has all the necessary questions to be used
in practice to assess the investor’s risk profile. After determining the risk, the authors used
the Copula-GARCH model to model returns, which also differs from our principle of mini-

mizing CVaR.

However, investment questionnaires have not yet addressed the classification of inves-
tors from the perspective of risk into 7 groups, as is the case with funds to which investors
can allocate their funds. These 7 groups were calculated by the SRRI (Syntheric Risk and
Reward Indicator) until 2018, and since 2018, SRI has been used, which considers multi-
ple variables in the calculation. Our approach is to create an investment questionnaire us-
ing fuzzy logic, which is used in investing, for example, to assess the investment environ-
ment (Shevchenko, 2024) or to support investment decisions (Jankova, Jana, Dostal, 2021).
The difference between these risk indicators was also studied by authors from the invest-
ment bank BNP Paribas on their mutual funds. In this work, they concluded that their funds
recorded a decrease in risk when switching from the SRRI metric to the SRI metric. They
did not analyze the overall behavior of world indices, which we will address in this article.

The conclusion of the study points to the higher availability of their funds for investors who
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would not have taken higher risks using the SRRI indicator until 2018 (Perchet, Heram-
bourg, Carvalho, 2023).

In addition to the correct classification, high fees cannot be ignored, which often reduce
investors’ returns (Darpeix, 2024). Of these fees, the most well-known are entry and exit
fees when executing a transaction, which immediately reduce the total investment volume
when investing and when ending the investment (Baule, 2010). The second type is manage-
ment fees, which investment companies often overestimate in order to achieve high profits
(Wong, Li, 2024). The last group of fees used are performance fees (Broeders et al., 2019),
also called success fees. This group is often used in active portfolio management (Wang,
2022), but studies show that passive investing without intervention can be defeated by ac-
tively managed funds (Joshi, Dash, 2023). All investment funds offered to investors, whether
passively or actively managed, must contain a key information document (Graf, Kling, 2020).
This document also includes a summary risk indicator. In our work, we will not use SRI
to only classify funds (portfolio structure), but we will use it also to classify investors into 7
groups so that each investor can immediately be assigned a portfolio with the appropriate
level of risk.

Despite the growing literature on portfolio optimization and fuzzy logic in finance, pre-
vious studies have not integrated fuzzy-logic based investor questionnaires with the sev-
en-level SRI classification used in European regulation. Few researches exists but it is not
common in the studies to consider UCITS diversification constraints when constructing
portfolios for different investor risk groups. This study addresses this gap by linking fuzzy
investor classification with SRI risk categories and constructing representative portfolios
under UCITS constraints.

3. Data and methodology

In this chapter, we will focus on the methods used, which will be applied in the construction
of the investment questionnaire, its evaluation and subsequently in the construction of effi-

cient portfolios.

3.1 Risk measurement

Risk (often referred to as uncertainty) is often an underestimated factor, but in fact it is just
as important as return. Risk refers to fluctuations in the value of assets, which can be lower
or higher than the investor expected. The most common negative impact of risk is that there

is a chance of complete loss of the value of the capital invested. This risk can be reduced, for
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example, by diversification or by using risk measures such as standard deviation, VaR, CVaR
or other indicators that tell us about the level of risk of the investment. In this article, we will
use these risk measures. In portfolio management, the original author was the aforemen-
tioned Markowitz, who laid the foundations for portfolio risk in 1952. Markowitz expanded
his original work in the late fifties and proposed a new risk measure (Markowitz, 1959). He
called this measure of lower partial risk semi-variance or semi-dispersion. Lower partial
risk measures include the VaR or CVaR, and investor interest in these risk measures has
been growing steadily since the publication of the work. Lower partial risk measures have
gained high popularity among investors mainly due to their suitability for use in the distri-
bution of asset returns, which is asymmetric (Konno, Yamazaki, 1991). The semi-variance
model can also be used in combination with multiple approaches, for example in portfolio
construction using fuzzy logic (Huang, 2008). The risk represented by the standard devi-
ation of returns, whether of a portfolio or of securities in general, represents a risk mea-
sure that expresses how much individual returns deviate from the average expected return
in a given period. Markowitz used it in his work to measure portfolio risk, and until 2018 it
was also used to interpret the riskiness of a fund using the SRRI indicator, which was based
on the original UCITS directive intended for European investors.

The traditional method is also a framework for quantifying potential losses VaR or a co-
herent measure CVaR (Conditional Value at Risk). VaR has been a frequently used method
in the past and has several applications in finance for risk management or asset allocation. [t
determines the maximum expected loss of a portfolio at a given confidence level over a cer-
tain period of time. However, this methodology is becoming obsolete as it faces limitations,
such as its inability to take into account losses beyond a certain threshold. An extension
of VaR is the CVaR method, which we will work with when constructing efficient portfolios.
CVaR is a coherent quantile risk measure compared to VaR. Coherent measures for mea-
suring risk were introduced in the work Coherent Measures of Risk (Artzner et al., 1999).
When investing, this measure helps to identify and manage risks that have the potential
to cause significant losses. This method was developed and popularized by the authors R.
T. Rockafellar and S. Uryasev in their works from the late 1990s and early 2000s. This work
presents a new approach to optimizing a portfolio of financial instruments with the aim
of reducing the risk of high losses. CVaR is used as a more consistent measure of risk than
VaR (Rockafellar, Uryasev, 2000). CVaR focuses on the expected loss if the VaR threshold is
exceeded. The reason for choosing the 95% CVaR level in this work, in addition to the most
common use of this level, is that it represents the average of the worst 5% of values, which
is computationally close to the 97.5% VaR calculation used in the SRI calculation explained

in subsection 3.2.3. The choice of CVaR provides a more robust picture of risk and therefore
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its better incorporation into optimization models. The first work on CVaR had its expansion
at the turn of this century. This article enriches the approach to optimization problems with
CVaR constraints and can be used in particular to maximize expected returns under CVaR
constraints (Krokhmal et al., 2003).

3.2 Regulations and directives

In this subsection, we will list the regulations, orders and directives from the European Com-
mission that are used for funds provided to European investors. The most well-known are
MiFID II, UCITS and PRIIPs.

3.2.1 MIFID I

MiFID and MiFID II are the European Union’s regulatory directives for financial markets.
Both directives were created by the European Commission, with the first MiFID being ad-
opted in 2004 (Directive 2004/39/EC). This directive is effective in the European Union
for all Member States that had to implement this directive in their national law. MiFID was
introduced to regulate investment services and activities provided by investment firms, but
it also applied to regulated markets. Individual Member States of the European Union had
to establish in their national law that investment firms have the obligation to be authorized
and subject to regulation if they provide investment services. One of the main reasons was
the possibility of passporting, which represented the possibility of an investment firm to op-
erate in member states of Eurozone. In terms of client categorization, the directive establish-
es retail client and professional client. MiFID also defines investment advisory, which is often
used by retail clients. To provide such advice, the firm must have permission from the regu-
lator and a license to provide investment services. A suitability test is also mandatory for in-
vestment advice. According to MiFID, this is the most important and most complicated test,
which often appears under the term investment questionnaire with three areas. The first
area is the client’s investment objectives, where the investor’s time horizon, preferred type
of investment or risk tolerance are examined. The second group is the client’s financial sit-
uation. The third category is the investor’s experience and knowledge about investing. If
the recommendation is not appropriate for the investor, it must not be provided. The sec-
ond test is the Appropriateness Test, which is used for investment services without advice,
also known as execution-only. The key differences between these tests are whether advice
is provided or not. MiFID directive was replaced in 2018 by the newer MiFID II directive.
The change came mainly due to several shortcomings that were also revealed during the fi-
nancial crisis in 2008. New MiFID II directive was intended to ensure that securities trading
would take place on regulated markets and that stricter rules would apply to OTC (Over
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the counter) trading. MiFID II also strengthened the suitability test, introduced the concept
of target market, tightened the rules inducements, and required the provision of detailed
information on costs & charges for each product offered.

3.2.2 UCITS

UCITS is a European directive that sets rules for retail funds that can be distributed across
the European Union. The current directive in use is UCITS IV (2009/65/EC), which was
amended in UCITS V (2014/91/EU). This directive sets out several restrictions that funds
must comply with. The first restriction is the maximum weight of a single issuer, which UCITS
sets at a maximum of 10%. The second restrictive condition is that issuers with a weight
in the portfolio of more than 5% must together constitute a maximum of 40% of the portfo-
lio. Together, these conditions stipulate that the minimum share of components in the portfo-
lio will always be at least 17 securities. The liquidity of the fund in the form of the possibility
of regular purchases and redemptions is also one of several conditions for a fund to be clas-
sified as a UCITS. It also stipulates the need to publish a KIID for each fund. This document
contains short information about the fund, which must be understandable and comparable
with other KIIDs. The obligation here is to explain the main risks, returns, costs of the fund
and its strategy. In this two-page document, the risk is assessed using SRRI, which represents
standardized tool for evaluating potential risk and return of an investment. The SRRI was
introduced in order to simplify the information for investors in terms of potential riskiness
and return of the specific fund and was valid until 2018 when it was replaced by SRI as part
of PRIIPs. The higher the score of SRRI is, the higher the risk and return an investor can
expect. SRRI is expressed through a single number that ranges from 1 to 7. The indicator is
calculated based on the historical volatility of the fund, which is a measure of the fluctua-
tions in the value of investments in the past. The volatility on which the SRRI is calculated is
measured using the historical standard deviation of the fund’s returns. A period of 5 years
of historical returns is usually used to calculate the SRR], if available. UCITS conditions can
be written in the following formulation, where w; represents the weight of the asset j, and j
is from set of securities NN.

w; < 0.10, Vj € NN (1)
ZjENN:wj>0.05 w; < 0.40, Vj € NN (2)
Each score from 1 to 7 represents the final value behind the volatility intervals. These

intervals have been made by European Securities and Markets Authority (European Securi-
ties and Markets Authority, 2015).
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3.2.3 PRIIPs

PRIIPs is a European Union regulation effective from 1 January 2018. This regulation is used
to protect retail investors in products that meet the following requirements: they are struc-
tured and packaged, have an investment component, and are complex to understand. These
include, for example, structured deposits, structured bonds or UCITS funds for retail inves-
tors. PRIIPs came into force because investors often did not understand the investment as-
sets in which they invested. For this reason, an information standard in the form of a KID doc-
ument was introduced. This document requires that each product has the same: structure,
expression of risk and view of performance scenarios and costs of investing in the product.
Each KID must contain a product description and an expression of the product’s risk us-
ing an SRI score, which replaces the original SRRI from UCITS. SRI is no longer calculated
solely on the basis of the standard deviation of the fund’s price, but metrics such as MRM
(Market risk meassure) and CRM (Credit risk meassure) are considered. MRM represents
a measurement of the product’s market risk using the annualized volatility VEV. This value
uses the VaR value, kurtosis, skewness, and also the fund’s standard deviation. Together,
this approach creates a more robust risk classification process than when only the fund'’s
standard deviation was originally considered. CRM is used to assess the credit risk of the is-
suer or counterparty. It measures the probability of failure to repay investors, also known
as default risk. CRM takes into account the issuer’s credit rating, the probability of default,
but also the company’s financial strength and stability. CRM is calculated based on ratings
from rating agencies such as S&P or Moody’s and Fitch. Common UCITS funds have low risk
(usually CRM 1). For this reason, we can only use MRM when considering the calculation
of SR, since the value of MRM will always be greater than or equal to CRM and therefore
SRI will be equal to the value of MRM. A comparison of the final table for calculating SRI and
SRRI is shown in table 1.
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Table 1: SRI vs SRRI approach

SRI Volatility intervals (VEV, in %)

(MRM) Equal or more Less SRRI Volatility (o, in %)
1 0 0.5 1 0-0.5

2 0.5 5 2 0.5-2

3 5 12 3 2-5

4 12 20 4 5-10

5 20 30 5 10-15

6 30 80 6 15-25

7 80 7 > 25

Source: Authors’ own elaboration

The VEV value is calculated according to the following formula:

_ J/(3842-2xVaR )-1,96
VEV — f/PTACERETURN (3)

where VaRspscererurn 1S represented by:

2
VaRspacgrerurn = 0 VN X (—1.96 + 047452 — 0.0687 £2 + 0.146 %) —0.50%N

(4)

N represents number of trading periods in the recommended holding period, o rep-
resents volatility, T is recommended period for holding the asset in years, y; stands for

skewness and u, represents the excess kurtosis — measured from the distribution of return.

3.3 Fuzzy logic

When creating an investment questionnaire, it was necessary to consider a way to evaluate
the investor’s answers other than with static predefined answers. One way to approach this
issue is using Fuzzy logic, where the answers will always represent numerical values pro-
vided by the investor. These values are then transformed as affiliations in Fuzzy sets from
the interval from 0 to 1 based on meeting the criteria of the given question. In this question-
naire, we will use several types of Fuzzy sets such as: Fuzzy L, Fuzzy R, Fuzzy singleton or
Trapezoidal fuzzy set (Mohan, 2017). Each of the Fuzzy sets has properties such as support,
core and height as shown at Figure 2 (Zadeh, 1965).

Politicka ekonomie, 2027, 75, Forthcoming articles, https://doi.org/10.18267/j.polek.1560 11



Juraj Pekar, Richard Martinus

Figure 2: Used Fuzzy sets

bl R fuzzy 1““?? L fuzzy
0 a b ;: 0 a b X
Halx) ) Halx) .
- Singleton fuzzy . ! Trapezoidal fuzzy

L
0 m X 0 a b c d X

Source: Authors’ own elaboration

In the investment questionnaire, we consider several groups of questions focused on:
the investor’s financial situation, investment goals and preferences, ability to bear risk and
losses and knowledge and experience. The values of the answered questions are aggre-
gated and averaged by groups of questions, which gives the average value of the affiliation
of each group. Since the questionnaire requires answers as numerical values, we will only
use the first three groups in the SRI calculation, since knowledge and experience are focused
on choosing from several investment assets, which cannot be interpreted numerically. From
the three groups, we will create linguistic variables that will interpret the inputs to the ma-
trix for evaluating the investor’s SRI score. The linguistic variables, whose values are the av-

erage of the affiliations, are shown in Figure 3.
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Figure 3: Linguistic variables

A Investment experience
1 I\ —\ S Y J/
\ // \\ // \\ // :
Very low )<\ Low ><\ Medium />< High I
0 /// \\ 1 / \ 2 / \\ 3 i
0 0.2 0.3 0.5 0.6 0.8 0.9 1
A Financial situation
1 \\ // A \ /// \\ // |
- \/ . \/ . \/ i
Insufficient ’\ Sufficient X Solid /< Great !
o / 1 / 2 /N 3 i
/ \\ / // \ E
0 0.2 0.3 0.5 0.6 0.8 0.9 1
A Risk and horizon
1 _ — —
/; \\ // // i
Low ><’ Short-term >< Midterm Y Longterm !
0 / \ 1 /\ 2 / ‘\ 3
/ N\ /N /N L
0 0.2 0.3 0.5 0.6 0.8 0.9 1

Source: Authors’ own elaboration

Based on figure 3, we can construct a matrix to evaluate the resulting SRI. This matrix
has 64 different possible combinations (power of three groups with four options) that
guarantee coverage of the risk score from 1 to 7. We can then construct the resulting SRI
matrix, which is shown in table 2. The lowest possible SRI value: 1, is created from an-
swers with the value (0, 0, 0) for all three groups to the highest possible SRI value: 7 with
the values (3, 3, 3).

Politicka ekonomie, 2027, 75, Forthcoming articles, https://doi.org/10.18267/j.polek.1560 13



Juraj Pekar, Richard Martinus

Table 2: SRI matrix

INPUT SRI INPUT SRI INPUT SRI INPUT SRI
0,0,0 1 1,0,0 1 2,0,0 2 3,0,0 3
0,01 1 1,0,1 2 2,0,1 2 3,01 3
0,02 2 1,0,2 2 2,0,2 3 3,0,2 4
0,03 3 1,0,3 3 2,0,3 4 3,0,3 4
0,10 1 1,1,0 2 2,1,0 2 3,10 3
0, 1,1 2 1,11 3 2,11 3 3, 1,1 4
0,12 2 1,1,2 3 2,1,2 4 3,12 5
0,13 3 1,13 4 2,13 5 3,13 6
0,20 2 1,2,0 2 2,2,0 3 3,2,0 4
0,21 2 1,21 3 2,2,1 4 3,2,1 5
0,22 3 1,2,2 4 2,2,2 5 3,2,2 6
0,23 4 1,2,3 5 2,2,3 6 3,23 6
0,30 3 1,3,0 3 2,3,0 4 3,3,0 4
0,31 3 1,3,1 4 2,3,1 5 3,31 6
03,2 4 1,3,2 5 2,3,2 6 3,3,2 6
03,3 4 1,33 6 2,33 6 3,33 7

Source: Authors’ own elaboration

The SRI matrix from Table 2 is a methodological proposal built for the purpose of this
study. European regulation does not define a standardized rule for mapping questionnaire
results to final SRI categories for investor classification. The only fixed boundary to the SRI
level are the lowest possible combination of risk factors that corresponds to the lowest risk
score and the highest combination corresponds to the highest score. The matrix is con-
structed so that the combination (0,0,0) corresponds to SRI 1 and the combination (3,3,3)
corresponds to SRI 7. All other possible combinations represent a gradual increase in risk
according to the intensity of the three evaluated dimensions by fuzzy logic. The specific as-

signments within the matrix represent a reasonable progression of risk levels and serve
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as arecommendation for linking fuzzy investor classification with the seven-level SRI frame-
work. With the original approach, where there were only three risk groups of investors and
seven fund groups, we could choose funds from one of many risk groups which might not
fit for the investors’ real risk profile. Moreover, in the traditional three-profile model may,
funds may overlap and be assigned to two categories of investors because the SRI ranges
of categories are not clearly defined.

3.4 Assessing model

So far, we have presented fuzzy logic, which will be used in the work to implement an in-
vestment questionnaire, which will determine one of seven risk groups that will be assigned
to the investor based on his answers in the investment questionnaire. The general diagram

of calculating the SRI value of an investor is shown in Figure 4.

Figure 4: Universal approach to assessing investor based on SRI

Defining questions according to MiFID
and categorizing them into 4 groups

Evaluating answers using fuzzy logic .

Dynamic evaluation of answers
to questions in comparison with
the investor’s net salary

Using types of fuzzy sets: R, L,
Singleton, Trapezoid

Aggregation and averaging of answer
values from identical groups

Defining linguistic variables for all
groups : 3 groups of questions
' 4 linguistic variables
Interpreting group scores using a I | 64 (3*) possible SRI refinements
linguistic variable ’

Definition of a matrix for determining
the SRl score of a fund for the investor °,

SRI portfolios 1-7
Numerical substitution of linguistic
variables entering the matrix (0,1,2,3) Profile: dynamic, balanced,

conservative

Ak

Displaying the SRl portfolio and
showing the investor profile

Source: Authors’ own elaboration
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After receiving the risk score, we can determine, based on the definition of SRI from
Chapter 3.3, in which volatility interval the investor’s portfolio must be in order to meet
the standard of the European directive. When constructing the model, we will consider
two types of securities. The first type is a risk-free security. In theoretical portfolio models,
the yield of long-term government bonds such as German ten-year government bond is of-
ten used as an approximation of risk-free asset. However, such instruments typically require
high nominal investment amounts and are therefore not directly accessible to most retail
investors. For this reason, the proposed model does not use these bonds as the risk-free
asset. Instead, this component is represented by instruments that are realistically available
to retail investors, such as money market funds or the funds that tracks the overnight euro
swap rate set by the European Central Bank. These instruments serve as a practical sub-
stitute for the theoretical risk-free asset used in classical portfolio theory. In the empirical
implementation of the model, the risk-free allocation is therefore represented by money
market instruments rather than long-term government bonds. The second asset type are
equities of companies selected from a predetermined index Eurostox 50. All companies that
are currently listed there and have at least a five-year history of listing on the stock exchange
will be selected from this index. Seven portfolios will always be created - one for each SRI
risk group, while the portfolios will take into account the riskiness of each investor.

The first step is to calculate the portfolios that are on the efficient frontier. This frontier
is formed by purely equity portfolios, with the horizontal axis representing CVaR as a rep-
resentative of risk and the vertical axis representing the annual return of the portfolio. In-
dividual portfolios will have different compositions in terms of stock weights, but also port-
folio composition, while the exact number of shares in the portfolio is not predetermined,
so the portfolios will have different numbers of shares. The objective function minimizes
the CVaR of the portfolio. The calculation includes the loss threshold and the average “excess
loss”, which makes the CVaR the expected loss in the worst specified scenarios according
to the indicator a. We write the minimization objective function as follows:

min VaR +— YT, z, (5)

w,z,VaR aT

Here, we define constraints and variable definitions such as the auxiliary variable =3

which represents scenario constraints:
Zt + Z;‘l=1 ert,j + VaR = 0, vVt = 1, v, N (6)
The weights must be non-negative (long position) - no shorting:

w; >0, Vj € NN 7)
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Only negative deviations (losses) enter CVaR:
202 —(E,"™) +VaR); 2, 20, Vt = 1,..,ny (8)

The weights must be fully invested. The total sum of the weights must equal one:
2wy =1 9)

Optional restriction on the minimum expected return of the portfolio, which subse-

quently generates efficient frontiers.
Yi=1WEj = Rppin (10)
We write the weekly portfolio return as:
EP(W) A )
Whereby we calculate the annual portfolio return as:
E, V) = (1+E,)" -1 (12)

where the variables and parameters are as follows: E,(") is weekly expected return of portfo-
lio, E,(" is yearly expected return of portfolio, w; represents the decisive variable - the weight
in assetj, wherej € NN = {1, .., nn}, VaR is the value of the Value at Risk limit (loss threshold),
Z. is an auxiliary variable for CVaR, while exceeding the loss limit in the period t represents
z,> 0, wheret € T = {1, .., n7}, T represents the set of all weekly periods T ={1, .., ny}, N is
the set of all investment assets NN = {1, ..., n}, nrrepresents the number of periods in weeks,
re;is the actual return on the assetj € NN where t € T, a is the confidence level for CVaR from
the interval (0,1), in our case the level is 0.05, r; is the expected weekly return of the asset j,

Rpin is the required minimum expected return.

After calculating the efficient frontier, it is necessary to sort the portfolios by SRI val-
ues. From these portfolios, we then select a portfolio based on the minimization of the CVaR
value, which gives us one equity portfolio for each of the available SRI groups. The remain-
ing portfolios with missing SRI are added as a share of risk to the least risky portfolio from
the SRI perspective and we apply the appropriate percentage ratio between the fully equity
component of this reference portfolio and the bond component based on the VEV value.
The calculation of the equity and bond components is shown mathematically:

VEVx
EC = iy (13)
BC= 1-EC (14)
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where EC represents the equity component of the portfolio, VEVx represents the median
value defined in PRIIPs, VEVy is value of VEV a fully equity portfolio with the lowest possi-
ble SRI, BC is the bond component of the portfolio. In general, unless we have a precise VEV
value for the portfolio and know which SRI group it is in, we will use the mean value from
the intervals in Table 1. The model construction is shown in Figure 5.

Figure 5: Investing model
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Source: Authors’ own elaboration

4. Empirical results

In this chapter, we will focus on the construction of an investment questionnaire, its valua-
tion and the subsequent creation of efficient portfolios using the Python software program.
The approach used for risk classification is SRI, which has replaced the original SRRI meth-
od since 2018. The new method of risk valuation does not depend only on the standard
deviation and is often less restrictive, which reduces the original value of the SRRI score
of the fund. In the first step, we analyzed three stock indices from the Eurozone: Eurostoxx
50, the German DAX index and the FTSE 100. As can be seen in Figure 8, the SRl approach (3)
is less restrictive and thus allows a larger group of investors to allocate their funds to equity

funds, which supports their growth in value. The new calculation method often allows inves-
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tors who did not achieve a sufficient risk profile to invest in riskier underlying assets whose
scores have been reduced, even if it is the same asset. For both risk indicators, the maximum
value that can be obtained is 7 and the lowest risk score for both indicators is 1.

Figure 6: Eurozone stock indices

Period (5 years) STOXX50_ | STOXX50_ DAX40_ | FTSE100_| FTSE100_
SRRI SRRI(MRM) SRRI(MRM) SRRI SRRI(MRM)

2012-01-01 - 2016-12-31 6

2013-01-01 - 2017-12-31 6

2014-01-01 - 2018-12-31 6

2015-01-01 - 2019-12-31 6

2016-01-01 - 2020-12-31 6

2017-01-01 - 2021-12-31 6

2018-01-01 - 2022-12-31 6

2019-01-01 - 2023-12-31 6

2020-01-01 - 2024-12-31 6

2021-01-01 - 2025-12-31 6

Source: Authors’ own elaboration

We obtained the values in Figure 6 by moving a five-year window forward by one year
from 2012 to 2025. The red color shows the decrease in the SRI value over the same five-year
window compared to the original SRRI value for the same period. The longer time span from
2012 to 2025 is used only for the purpose of illustrating the difference between the SRRI and
SRI methodologies through rolling five-year windows. The portfolio optimization analysis
itself is performed on the most recent five-year period (2020-2025), which corresponds
to the standard data horizon commonly used for risk assessment in the PRIIPs framework.

4.1 Risk profile classification

The first step in assessing the risk of an investor is classification into a risk group. The cur-

rent approach, which includes only 3 risk groups, is not robust enough and for this reason
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we have proposed a new alternative solution for risk classification. The method that solves
this problem is Fuzzy logic, where we always set the interval of affiliation from 0 to 1. Let
us list some of the questions used in the investment questionnaire. The first question is
income, which is classified using the Fuzzy R set. We defined the interval where the carrier
of the Fuzzy set begins at the minimum net wage for the previous year and we set the begin-
ning of the core at the point of the average net monthly salary for the last year. In the case
of data from the Statistical Office of the Slovak Republic, the minimum net wage is €615
and the average wage in 2024 is €1,130. (Statistical Office of the Slovak Republic, 2024).
The following question follows again from Figure 1 and is focused on the ability to save
funds monthly. If the investor can save more than 10% of his net income then he will get
the value of affiliation 1 for this given question.

Other questions for the first group which are focused on financial status of the investor:
current financial reseve, which should represent at least six times the net income in order
for the question to be assigned the relevance of answer 1, investor’s asset value, which if it
is greater than 24 times the net monthly salary, we assign the value 1 and the last question
of the first group is monthly mortgage payment, where we use the Fuzzy L set, and the val-
ue here must not exceed 43% of the investor’s net salary, otherwise we assign the value 0.
we determined it using the Fuzzy R set. The second group is investment goals and pref-
erences, where we examine the main investment goal, the planned investment horizon and
examine what percentage of the monthly balance after deducting expenses the investor is
willing to invest. The third group is the ability to bear risk and losses, where we examine
how stable the investor’s income is, how the investor would react to a decrease in invest-
ment during periods of downturn, what is the largest loss from the invested money that

would not pose existential problems for the investor and what is the investor’s age.

All these questions form a personalized questionnaire for each investor, as the answers
are approached individually based on the data that investors enter as input values. The ad-
vantage of this questionnaire is that it better reflects the client’s life situation, as it takes into
account the connection between the current financial situation and the investor’s possibil-
ities. The parameters of the fuzzy membership functions used in the investment question-
naire are calibrated primarily for a typical Slovak retail investor. The threshold values were
determined using publicly available macroeconomic statistics and commonly used financial
planning recommendations. In particular, income-related thresholds are based on data from
the Statistical Office of the Slovak Republic for the year 2024. The minimum net monthly
wage (approximately €615) and the average net monthly wage (approximately €1,130) are

used as reference points when defining the membership functions for the income variable.
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These values represent lower and typical income levels in the Slovak economy and therefore
provide a reasonable calibration for the questionnaire. Other parameters of the questionnaire
follow standard financial planning recommendations. For example, the recommended finan-
cial reserve of six months of income is widely used as a benchmark for household financial sta-
bility. The thresholds used for debt obligations are based on common debt-to-income guide-
lines, where values around 43% are typically considered the maximum sustainable level of in-
debtedness. Similarly, the five-year investment horizon reflects the commonly recommended
minimum investment period used by many financial institutions for equity investments. Al-
though the parameters are calibrated using Slovak economic conditions, the proposed frame-
work is flexible and can be easily adapted to other countries by adjusting the threshold values
according to national income statistics and financial planning standards.

4.2 Construction of SRI portfolios

After obtaining information about the investor’s risk score using Fuzzy logic, we approach
the construction of a portfolio that will meet the investor’s risk profile. The first step is to load
data of all companies from the Eurostoxx 50 index. The Eurostoxx 50 index was selected
because it represents the largest and most liquid blue-chip companies in the eurozone. At
the same time, it is one of the most widely used benchmarks for European equity markets
and therefore provides a representative and realistic set of investable assets for portfolio
construction. The index is used as a representative investment universe for eurozone equi-
ty markets, but the framework itself is not tied to a specific index or a group of assets. Our
methodology can be applied to any investment universe. This data represents weekly closing
values of equities from 16.11.2020 to 16.11.2025. In the Python code, we define the model
and its constraints based on UCITS, which will guarantee that the portfolio composition will
always consist of at least 17 stocks. The bond component will be added for portfolios with
alower SRI than can be achieved from the efficient frontier. After loading prices and defining
functions, we generate the first portfolio with the lowest CVaR, which in this case was SRI
4. After acquiring the portfolio with the lowest CVaR, we increase the returns by 0.01% per
year and minimize the risk in the form of CVaR to this return value. In this way, we obtain
an efficient portfolio frontier, and the lower the increase in return, the more granular and
precise the efficient frontier will be. The last portfolio generated would be a single-compo-
nent portfolio representing the most profitable stock without UCITS conditions. Considering
these constraints, the last portfolio with the highest risk will be the portfolio that still meets
the constraints and it is not possible to find a portfolio that would have at least 17 com-
ponents, a maximum asset weight of 10% and components with more than 5% weighting

to make up at most 40% of the portfolio.
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Portfolios with SRI values of 4 and 5 were generated on the efficient frontier. For both
selected portfolios, the representative of the group will be the portfolio from the SRI group
that has the lowest SRI value. Portfolios with a higher SRI than those available on the effi-
cient frontier (in our case 6 and 7) will represent the portfolio with the highest possible CVaR
from the efficient frontier. For portfolios that have a lower SRI value than is available on the ef-
ficient frontier, we vary the share of the equity and bond components according to the ratio
of the mean annualized volatility of the sought portfolio and the portfolio with the lowest SRI
(in our case SRI 4). We show these portfolios and the efficient frontier with use of CVaR 95,
with rate of return of risk-free asset of 0.04% weekly (~ 2% yearly) in Figure 7.

Figure 7: Efficient frontier with min-CVaR95 SRI portfolios
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The optimization is performed on the selected set of assets, in this case the equities
from the Eurostoxx 50 index. As a result, not all SRI levels can be obtained directly from
the efficient frontier that follows UCITS constraints. The lowest-risk portfolio that can be
constructed using only equities corresponds to the SRI 4 category. Portfolios with SRI levels
1-3 are constructed by combining this optimized SRI 4 portfolio with a risk-free component
represented by money market instruments. This procedure follows the standard portfolio the-
ory approach, where lower-risk portfolios are obtained as linear combinations of a risky port-
folio and a risk-free asset. This approach allows the portfolio volatility to be reduced while pre-
serving the optimized structure of the equity allocation. On the opposite side of the efficient
frontier, the riskiest portfolio obtained from the optimization represents the highest feasible
risk level under the UCITS diversification constraints. Since no portfolio with higher volatility
can be constructed under these conditions, this portfolio is assigned to both SRI 6 and SRI 7
categories. If we look at Figure 7, we find two full-stock portfolios for the available SRI groups.
The Eurostoxx 50 index is used as a benchmark in the empirical analysis because it represents
the underlying investment universe from which the portfolios are constructed. Comparing
the optimized portfolios with the benchmark index allows us to evaluate whether the optimi-
zation procedure improves the risk-return characteristics relative to the passive market port-
folio. As shown in Table 3, these portfolios (SRI 4 and SRI 5) outperform the benchmark index

Eurostoxx 50 in returns while having lower risk.

Table 3: Portfolio statistics of min-CVaR95 optimized SRI portfolios

Metric SRI 1 SRI2 SRI3 SRI 4 SRI5 SRIG,7 | Eurostoxxs50
index
Annual 2.23% 3.61% 6.68% 12.79% 16.12% 30.40% 11.30%
return
CVaR 95 0.0004 | 0.0046 | 0.0141 0.0315 0.0324 0.0641 0.0514
VaR 95 0.0003 | 0.0035 | 0.0108 0.0237 0.0225 0.0338 0.0352
Zta'.‘da.rd 0.0015 0.0171 0.0523 0.1164 0.1191 0.1915 0.1605
eviation
fahtai:)pe 0.8768 | 0.8826 | 0.8960 0.9227 1177 1478 0.5785
29.78 31.49
VEV 1.29 3.65 9.07 18.82 20.04 GRIS) GRI6)
Number 18 18 18 18 17 17 48
of stocks
Stocks 1.34% | 1473% | 45.51% 100% 100% 100% 100%
Money 98.66% | 85.27% | 54.49% 0% 0% 0% 0%
Market

Source: Authors’ own elaboration
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Portfolios with SRI 1-3 are created as combinations of the optimized lowest risk (based
on SRI) full stock portfolio, which is SRI 4 and a risk-free asset, while SRI 6 and SRI 7 cor-
respond to the highest-risk portfolio available on the efficient frontier under UCITS con-
straints. Since the method for portfolio construction in investment companies differs, we
approximate the traditional three-profile classification by aggregating the SRI-based port-
folios. With the new methodology the Conservative investor could be represented by aver-
age of SRI 1-3 portfolios. Balanced investor as the average of SRI 3-5 portfolios. Dynamic
investor as the average of SRI 5-7 portfolios. This approach allows us to create portfolios for
comparison purposes while maintaining consistency with the SRI-based framework. To ver-
ify the robustness of the model, portfolio optimization was also evaluated using alternative
CVaR confidence levels. In addition to the baseline specification using CVaR 95, the optimi-
zation was repeated using CVaR 99 and CVaR 90. The use of CVaR at the 95% confidence
level is motivated by the fact that it represents the average of the worst 5% outcomes, which
is conceptually close to the 97.5% Value at Risk used in the PRIIPs regulation for the calcu-
lation of the SRI indicator. The CVaR 99 option is shown in Table 4.

Table 4: Portfolio statistics of min-CVaR99 optimized SRI portfolios

Metric SRI 1 SRI 2 SRI 3 SRI 4 SRI5 SRIG,7 | Eurostoxxso
index
Annual 2.20% 3.15% 5.36% 9.25% 13.52% 29.84% 11.3%
return
CVaR 99 0.0005 | 0.0058 | 0.0159 0.0430 0.0455 0.1142 0.0836
VaR 99 0.0004 | 0.0051 0.0159 0.0342 0.0340 0.0712 0.0538
Standard 0.0016 | 00186 | 0.0577 0.1238 0.1265 0.1924 0.1605
deviation
Sharperatio| 0.5569 0.56 | 0.5654 0.577 0.9024 1472 0.5785
29.84 31.49
VEV 1.29 3.65 9.07 18.28 20.00 RIS <RI 6
Number 17 17 17 17 19 17 48
of stocks
Stocks 137% | 15.05% | 46.50% 100% 100% 100% 100%
Money 98.63% | 84.95% | 53.50% 0% 0% 0% 0%
Market

Source: Authors’ own elaboration
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When optimization is performed using CVaR 99, the model becomes more conserva-
tive, as the risk measure focuses on more extreme losses. As a result, the expected portfolio
return decreases while the reported CVaR value increases, and the portfolio composition
changes slightly. In Table 5 the SRI 6 can also be seen as the maximum value of VEV is 30.23
which is from the SRI 6 interval.

Table 5: Portfolio statistics of min-CVaR90 optimized SRI portfolios

Metric SRI 1 SRI 2 SRI 3 SRI 4 SRI5 SRIG,7 | Eurostoxxso
index
Annual 2.25% 3.70% 7.11% 13.58% 15.60% 30.49% 11.3%
return
CVaR 90 0.0003 | 00035 | 0.0110 0.0252 0.0254 0.0483 0.0401
VaR 90 00002 | 00022 | 0.0067 0.0150 0.0157 0.0274 0.0225
Standard 00015 | 00166 | 00515 0.1143 0.1170 0.1963 0.1605
deviation
f:tai:)pe 09512 | 09578 | 09733 1.004 11532 1446 0.5785
30.23 31.49
VEV 1.30 3.66 9.85 18.93 20.09 R <RI 6
Number 19 19 19 19 19 17 48
of stocks
Stocks 1.34% | 1473% | 45.51% 100% 100% 100% 100%
Money 98.66% | 85.27% | 54.49% 0% 0% 0% 0%
Market

Source: Authors’ own elaboration

When using CVaR 90, the model focuses on less extreme losses. This results in slightly
higher portfolio returns and lower CVaR values, while the portfolio composition changes
only marginally (one additional stock appears in the SRI 5 portfolio). Overall, the results
indicate that the portfolio structure remains relatively stable across different confidence
levels. The results show that the UCITS-constrained portfolios outperform the Eurostoxx 50
benchmark index over the last five years from 16 November 2020 to 16 November 2025.
Since Eurostoxx 50 has the SRI 6 as can be seen on figure 6, the SRI 6 UCITS-constrained

portfolio is fully comparable. Even the SRI 5 portfolios have higher returns then the index
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itself. This result can be explained by the optimization procedure, which selects a subset
of stocks that minimizes downside risk while maintaining return potential. In contrast,
the Eurostoxx 50 index follows a fixed market capitalization weighting scheme that does
not explicitly account for downside risk measures such as CVaR. We can observe the dif-
ference between the SRI 4 and SRI 5 return values, where the higher value corresponds
to a riskier (more volatile) portfolio composition. At the same time, the portfolio remains
relatively concentrated, containing the smallest possible number of shares within the UCITS
diversification constraints imposed. It is important to emphasize that the primary objective
of the proposed methodology is not to maximize portfolio returns, but rather to construct
portfolios that are consistent with the seven-level SRI risk classification used in financial
regulation. The use of efficient frontier optimization therefore serves mainly as a tool for as-
signing representative portfolios to each SRI category. The higher portfolio returns observed
in the empirical results can thus be interpreted as a secondary effect of the optimization
procedure rather than the main goal of the proposed framework.

4.3 Comparison with traditional three-profile classification

When investing based on investment advisory, investors are classified into groups, the num-
ber of which is not precisely defined by regulation. These risk profiles were created to sim-
plify the process of assessing the suitability test of an investor, which is required by the Mi-
FID II directive. Based on this directive, investment firms providing investment advice are
obliged to obtain relevant information about the client. This information mainly concerns
the client’s financial situation. Specifically, these are questions focused on the client’s finan-
cial situation, the client’s investment objectives, the client’s knowledge and experience and
risk tolerance before a specific financial instrument is recommended to him. The regulation
itself does not specify a specific number of investor risk categories, nor does it determine
which investment products should be assigned to a specific investor. In practice, many finan-
cial institutions use a three-profile classification of investors, which consists of a conserva-
tive, balanced and dynamic investor. This is a simplification of the advisory process, thanks
to which it is subsequently possible to assign investment products to investors to wider
groups of clients with different risk tolerances. This structure is also commonly used by Slo-
vak financial institutions and banks providing investment advice. The same division of funds
into three categories is used, for example, by the Austrian Erste Group Bank, which divides
portfolios for conservative, balanced and dynamic investors. Within this approach, the in-
vestment funds are often interpreted according to wider risk intervals, which are based on
the SRI risk indicator. The exact mapping between the client’s investment profile and SRI

is not formally standardized in no regulation or directive. In practice, it is common for SRI
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values to partially overlap between groups, as shown in Table 6. The same fund can thus be
assigned to two different risk groups.

Table 6: Comparison of Traditional Three-Profile Investor Classification and
the Proposed SRI Based Classification

SRI Typical Interpretation in Traditional Advisory Investor Classification
(Three-Profile Model) in the Proposed SRI Model
1 Conservative investor SRI 1 investor
2 Conservative investor SRI 2 investor
3 Conservative / Balanced investor SRI 3 investor
4 Balanced investor SRI 4 investor
5 Balanced / Dynamic investor SRI 5 investor
6 Dynamic investor SRI 6 investor
7 Dynamic investor SRI 7 investor

Source: Authors’ own elaboration

Table 6 shows the traditional approach in the second column, where SRI risk intervals
are assigned to three risk profiles. Our approach is located in the third column and assigns
each investor a specific SRI value. This value characterizes the riskiness of both the investor
and the recommended investment product. Such an assignment of risk groups, which has
been used so far, is not precisely defined by regulation and may differ between individual fi-
nancial institutions. At the same time, if we consider a dynamic investor, he may be assigned
a fund with an SRI value of 5, but also a fund with an SRI value of 6 or 7. From a risk per-
spective, this is a significant difference, as can be seen in Table 1. Advantage of this approach
is not necessarily higher portfolio performance, but more accurate alignment of the inves-
tor’s risk tolerance with the risk classification of investment products. Reducing the risk
intervals increases the transparency of the investment recommendation. This prevents two
investors with the same SRI group from investing in products with different levels of risk.
The proposed approach eliminates this problem by assigning each investor a unique SRI val-
ue that is directly linked to the riskiness of the recommended investment portfolio or prod-
uct. The investor is thus classified into one of seven groups, with the same SRI value also
characterizing the riskiness of the recommended investment solution. This ensures a direct

and transparent link between the investor’s risk profile and the regulatory risk classification
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of investment products. The main advantage of this approach lies in a more accurate align-
ment of the investor’s risk tolerance with the risk classification of investment products. At
the same time, the risk of a situation where two investors with the same risk profile invest

in products with significantly different levels of risk is minimized.

It is important to emphasize that the primary goal of the proposed methodology is not
to improve portfolio returns, but to provide a more precise framework for linking investors’
risk profiles to the seven-level SRI classification used in financial regulation. The construc-
tion of the portfolio based on the efficient frontier represents a further step that allows
the assignment of portfolios to each SRI category. In practice, the exact portfolio construc-
tion methods used by financial institutions are not publicly available and may differ across
advisory providers. Therefore, for comparison purposes we approximate the traditional
three-profile classification by grouping SRI categories into conservative (SRI 1-3), balanced
(SRI 3-5) and dynamic (SRI 5-7) investors as shown in Table 6. Missing portfolios that are
not on the efficient frontier and their risk is lower than the efficient lowest risk portfolio
are build on the combination of the lowest risk portfolio and risk free asset. The exact value
of each component is computed by the ratio based on the VEV(13). This approximation al-
lows us to illustrate how the proposed seven-category classification provides a more gran-
ular alignment between investor risk tolerance and portfolio risk compared with the tradi-

tional three-profile framework.

5. Discussion

The work achieved several results that contribute to improving the approach to inves-
tors and the classification of their risk. We designed an investment questionnaire using
Fuzzy logic that meets the requirements of MiFID. Based on this questionnaire, we evalu-
ated the answers that the investor must fill in based on his specific values (not according
to the filled-in answer options). This approach is so specific for each investor as it focuses
on the current real-life situation of the investor and dynamically adapts based on the values
answered. The investment questionnaires that have been used so far are static and consist
of their predefined answers, from which it is often possible to read how the investor should
answer in order to achieve the highest possible score (often this is the last value). This ap-
proach used so far is not connected to the 7 risk values (SRI) that evaluate the riskiness
of funds, and it is therefore not possible to assign investors the riskiness of the fund that
they exactly correspond to. After creating the questionnaire and answering the answers,
we proceeded to construct the portfolio using CVaR minimization. For each type of SRI, we
constructed a portfolio that has the lowest available CVaR value. The advantage of using

UCITS conditions when constructing portfolios is that portfolios must contain at least 17
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components and the maximum weight of one stock can be no more than 10%. In this way,
we avoid the problem of low diversification, which could occur if we constructed portfolios

only based on risk minimization.

6. Conclusion

Investing is and will always be an attractive topic for the public. In this article, we focused
on the investment process from the arrival of the investor, through classification into a risk
group using SRI and subsequent assignment of a portfolio optimized by minimizing CVaR.
The advantage of the approach using Fuzzy logic was the possibility of more accurate clas-
sification of the investor into one of seven risk groups. This approach provides flexibility
in setting questions and a closer understanding of the current investment status of each
client separately. This eliminates the inaccuracy in investor classification using universal
questionnaires, where there is a higher error rate, since investors can purposefully choose
answers that do not correspond to their risk profiles. By creating a Fuzzy SRI matrix, we
constructed a recommendation on how the final value of the investor’s risk profile can be
approached. Since the whole process is dynamic and a similar setting does not yet exist, it
can be examined in the future and the matrix re-evaluated according to needs. After clas-
sifying the investor, we created effective portfolios from shares of the Eurostoxx 50 index.
From these portfolios, we selected optimal portfolios for SRI groups based on CVaR minimi-
zation. For each available group, we selected a portfolio that is effective using the restrictive
conditions of UCITS, which ensure a certain degree of investor protection. The result was 7
effective portfolios that are adapted to real conditions and comply with European standards.
In addition to portfolio construction, in the work we also compared the SRI and SRRI ap-
proaches and pointed out the shortcomings of the currently provided investment question-
naires, which have low informative value. In further research, we could imagine continuing
this topic enriched with active portfolio management, for example, using elements of artifi-

cial intelligence, which would predict the optimal portfolio after quarters.
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Appendix
Investment Questionnaire Structure

The parameters in the questionnaire may vary depending on the country. A typical example
is the first question where in the parameters column we provide data for Slovakia. The in-
vestment questionnaire used in this study consists of four groups of questions focusing on
the investor’s financial situation, investment goals and preferences, ability to bear risk and
losses, and investment knowledge and experience. The first three groups of questions serve
as inputs for the fuzzy risk evaluation. The fourth group of questions is included primarily
to satisfy regulatory requirements of the MiFID II directive and is used to assess the inves-
tor’s knowledge and experience. These questions do not enter the fuzzy calculation because
their answers cannot be directly represented by fuzzy membership functions. The parame-
ters used in the investment questionnaire are calibrated primarily for a typical Slovak retail
investor. However, these parameters can be adjusted for different countries in order to bet-
ter reflect local economic conditions and income levels. For example, the threshold values
used in the first question evaluating monthly income are derived from publicly available
statistics of the Statistical Office of the Slovak Republic for the year 2024. In other countries,

these thresholds can be modified according to the corresponding national income statistics.
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Table A1: Investment Questionnaire Structure

Question Category Fuzzy Set Type | Parameters
Net monthly Financial a=€61 5,. b.= €1,130. Values correspond
. S Fuzzy R to the minimum net wage and the average net wage
income situation . -
in Slovakia in 2024.
Monthly . . a =0, b=10% of the income reported in first
. . Financial . -
financial surplus | . . Fuzzy R question. If the surplus is lower than €20,
situation i
after expenses the membership value equals 0.
. . . . a = €615, b = six times the income reported in first
Total financial Financial i ) : :
. . Fuzzy R question (representing approximately six months
reserve situation .
of income).
a = six times the income reported in first question,
Total value Financial Fuzzv R b = twenty-four times the income reported in first
of assets situation y question (representing approximately two years
of income).
=36%, b =43% of i
Monthly debt . ' a=36%,b=43% of.lncome. These.values rep'resent
Financial recommended maximum debt-to-income ratios
and loan . . Fuzzy L . . . . s
situation according to financial planning guidelines (Crace,
repayments
2024).

.. Investment . “Only small fluctuations tolerated” = 0; “Low risk
Main investment Discrete ” aLys . .
objective goals and membership acceptable” = 0.2; “Higher risk acceptable for higher

preferences return” = 0.8; “High growth potential preferred” = 1.
Planned Investment a =0years, b =5 years. Five years represents
investment goals and Fuzzy R the commonly recommended minimum investment
horizon preferences horizon used by financial institutions.
Percentage Investment
of monthly a=25%, b =50%. Values represent the proportion

s goals and Fuzzy R . . .

surplus willing of disposable income allocated to investment.

. preferences
to invest
St?b'hty Risk Singleton m =1 if income is reqgular, otherwise m = 0.
of income tolerance
Reaction . . . . .

Risk . m = 1 if the investor continues or increases
toa20% Singleton . .
. tolerance the investment, otherwise m = 0.
portfolio loss
Maxi . . .
aximum Risk . m = 1 if the investor can tolerate up to 100% loss
tolerable Singleton . . e )
. tolerance without existential financial problems.
investment loss
Risk a =54 years, b = 64 years. These values correspond
Age Fuzzy L . .
tolerance to the typical age range before retirement.
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Multiple options

Knowledge
Invest.ment and .NOt used Possible answers: Yes / No
experience . in fuzzy
experience .
calculation
Knowledge !’:IA;:t&;:Ledoptlons
ESG preference | and in fuzz Possible answers: Yes / No
experience y'
calculation
Financial Knowledge &A::tsjiedom'ons
instruments and . Possible answers: ETF, Mutual funds, Stocks, Bonds
. in fuzzy
understood experience .
calculation
Investment Knowledge ,’LA:tItLIELedOptlons
instruments and in fuzz Possible answers: ETF, Mutual funds, Stocks, Bonds
previously used | experience y
calculation

Source: Authors’ own elaboration
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