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Abstract 
Crises in the 2020s have shocked global stock markets with unprecedented sud- denness. This 
has had a particularly strong impact on the Central European countries outside the euro area 
and exposed to heightened geopolitical conflicts, and within them, Hungary, which has had 
a particular government response to the crisis. Our research objective was to investigate the 
impact of the energy crisis on the Hungarian stock market as a consequence of the 
combination of greening policies, the post-Covid reopening and the EU sanctions policy on 
Russian energy imports, focusing on the portfolio optimization of the Hungarian blue chips 
and the stocks of the biggest complex (renewable and non-renewable) energy producer and 
trader company in the Hungarian market. In this context, our aim is to determine the impact 
of the turbulent crisis phenomena in the period 2020-2023, with a focus on energy price 
inflation, on the structure of a portfolio of the 5 stocks mentioned above optimized based on 
mean-variance and mean-Gini model. Since based on both methods, although differently, 
significantly increased the portfolio weight of the same energy company stocks in the energy 
crisis, it can be concluded that the change in the composition of the diversified portfolio 
reflected the impact of macroeconomic conditions on the stock market. 

1. Literature review 

1.1. Returns and risks of investment portfolios 

When making investment decisions, the risk of the asset is a key factor in addition to the 
return available, as it is the return and the risk together that show us the utility of an 
investment [10]; [11]; [17]; [18] ]; [47]. The assessment of the return on equity investments can 
also be supported by fundamental data that can be found in accounting reports, which may 
contribute to the determination of financial ratios that differ across industries [6]; [16]; [19], 
[40]; [28]. A rational investor prefers, ceteris paribus, the highest possible return while 
keeping the risk as low as possible. [30] pointed out the relationships between different 
investments, to what extent and in what direction they move together, and thus made a huge 
leap forward in portfolio optimization and selection. He was primarily concerned with the risk-
reducing effect of diversification and showed that if investors buy stocks that move together 
less and correlate less, the more they can reduce the risk of their portfolios. This has 
highlighted that investors who hold a portion of their wealth in multiple types of investments 
and securities face significantly lower risk than if they choose only one type of investment [7]; 
[51]. There are several examples of the model’s widespread application in the financial 
literature [22]; [34]; [12]; [48]; [31]; [32], and many portfolio optimization techniques are 
known [21]; [3]; [49]; [26]. In addition to variance-based risk measurement, the Gini model 
can be used to quantify the co-movement of portfolio element returns. 

The expected return of a portfolio can be defined as the weighted arithmetic average of 
the expected returns of the assets in the portfolio, and is thus a linear function of the expected 
return, while the weights are the proportion of assets in the portfolio [39]. A cornerstone of the 
Markowitz model is the definition of efficient portfolios. The efficient portfolios curve 
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illustrates the return-risk pairs that have the highest return for a given level of risk and the 
lowest risk for a given level of return. A rational investor chooses his investment from this 
curve, because if he chooses a point that does not fit the curve, he is choosing an investment 
that could be accessed at less risk. 

There are two main types of risk, individual risk and market risk. Individual, or company-
specific, risk refers to the performance of a particular security and is the part of the total risk 
that can be reduced by diversification, as changes in one company do not affect other 
companies [1]. Market, or systemic, risk refers to the factors that affect the performance of all 
companies in general, i.e. all risks that affect all or most companies. Market risk cannot 
therefore be reduced by diversification. It is basically composed of four types of risk: interest 
rate, equity, commodity and exchange rate. Interest rate risk can arise from changes in the base 
rate of the central bank or other monetary policy decisions and is mainly associated with 
variable rate securities and bank deposits. Equity risk arises from the volatility of the stock 
market, most commonly due to, for example, an increase in tax rates, which reduces the total 
return on all equities and hence the market price of equities [7]. 

Commodity risk expresses the risks arising from fluctuations in the price of raw 
materials, while exchange rate risk refers to the risks arising from fluctuations in the exchange 
rates of foreign currencies that affect firms involved in international trade [1]. Market or 
systemic risk, although not mitigated by diversification, can be mitigated in other ways. The 
best example is the purchase of a put option, which embodies the right (not the obligation) of 
the holder to sell the shares held by that person at a predetermined price within a 
predetermined time frame. This allows one to sell the security held at the predetermined price 
in the event of a significant fall in the market price of the stock [31]. Because it contains 
numerous of nonco-moving securities due to its high number of elements, the effect of 
diversification is maximized, reducing the individual risk to zero, which means that its total 
risk is now only equal to the systematic risk. The portion of the return of a market portfolio 
containing only risky assets that exceeds the risk-free return is called the market risk premium, 
which thus represents the additional return for assuming market risk [33]. 

1.2. Impact of the energy crisis on stock markets 

By 2021, the lack of preparation for a sharp shift away from cheaper fossil fuels, the end 
of restrictions imposed under Covid-19 [4] and rising energy demand due to recovering 
economies have set the sector-specific market prices trend on an inflationary path reminiscent 
of the 1970s. This has been reinforced by the EU trade sanctions imposed following the Russian 
invasion, which have had a strong impact on international stock market indices in parallel with 
energy prices, similar to the period of disruption caused by Covid-19 [20]; [36]. Although on 
the consumer side, fears of the direct impact of the increase in fuel prices and overheads 
dominated, the main problem was that these price increases were also passed on to the cost of 
production and transport at company level [24], which were offset by increases in selling 
prices, justified or, in many cases, unjustified, in order to take advantage of the market 
opportunity to increase profits, leading to an overall increase in price levels. 

In addition to soaring inflation, the fact that Hungary is a net importer of energy, 
meaning that the costs of energy in and outflows from foreign currency have to be financed 
using domestically generated income, has been a huge problem [38]. This also has a significant 
negative impact on the country's external balance, as import prices have risen and export prices 
have stagnated. This process is shifting income from energy-importing countries to energy-
exporting countries, and as a consequence, the crisis is putting significant pressure on the 
Hungarian forint exchange rate, among other things. As a consequence, the income generated 
in the country is leaking out of the domestic economy, with the consequence that a significant 
drop in demand further complicates the situation of companies and hampers economic growth 
[9]. 

The impact of the crises on the domestic stock market has been strikingly negative, in 
line with international stock market indices, as manifested during the Covid-19 epidemic and 
the Russian-Ukrainian conflict [35]. In general, the crises have led to an increase in the market 
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risk of companies and to a greater uncertainty of survival and solvency, resulting in a 
significant drop in the market price of shares in most cases. The negative effects of the crisis 
seem to have fully stabilized in the stock market in September 2023 [37]. 

2. Methods 

2.1. Data 

In our study, we mainly focused on the four most heavily weighted stocks (blue chips) of 
the BUX basket and ALTEO Nyrt and other shareholder returns (annual dividends) presented 
in their financial statements [14], to construct the most optimal portfolio of these shares and 
to examine the changes in the portfolio under different fixed investor return assumptions. We 
chose the top BUX stocks because they account for more than 90 percent of the BUX basket, 
thus defining the Hungarian stock market, and ALTEO is the biggest Hungarian company with 
a central role in the current energy crisis, as it is an electricity producer and supplier. We have 
firstly analyzed the share price performance of the five companies over the last five years, up 
to September 2023, illustrating the period before 2020, when there were no crises, and the 
shocks in the short period immediately preceding the energy crisis. The share price data we 
have processed are available on the official websites of the Budapest Stock Exchange 
(www.bet.hu/oldalak/adatletoltes), while the annual accounts of the same companies are 
available on the Hungarian Ministry of Justice’s website.. 

2.2. Mean-variance model 

The basis of variance-based portfolio optimization is that portfolio risk is based on the 
expected value of the squared deviation from the expected value [5]. Variance as a statistical 
measure is a good proxy for variation around the mean: the larger the variance of an asset, the 
more the values fluctuate around the expected value, so that an increase in variance increases 
risk [20]. Variance can be acceptable in the finance for measure of market risk premiums [50]. 
We focused 5 stocks which analyzed to construct an optimal portfolio structure with the lowest 
possible relative standard deviation of return-risk factors. We construct an optimal portfolio 
structure of more than two stocks, but this is calculated by determining the co-movement of 
returns, so their covariance, for each pair of stocks. These values are used to form a matrix, 
called the covariance matrix, which is used to determine the risk of the multi-asset portfolio 
[41]. This forms a symmetric matrix, where the covariance values of the same pair of stocks are 
mirrored on the two sides of the main diagonal, while the individual variance values of the 
stocks are located in the main diagonal of the matrix [42]. The standard deviation squared, can 
be determined using the covariance matrix and the formula (1), which takes into account both 
individual and combined risks: 

𝜎(𝑟)2 =
1

𝑛
∑[𝑟𝑖 − 𝐸(𝑟)]2

𝑛

𝑖=1

 
(1) 

where i is the returns of the stocks in each period, while w is the weight of the stocks in 
the portfolio, so the condition that 𝑤𝑖 , 𝑤𝑗  ≥ 0, 1 ≤ i ≤ n, and ∑ 𝑤𝑖

𝑛
𝑖=1  = 1. Accordingly, the 

objective function of the portfolio optimized with the mean-variance 
 

𝑅𝑆𝐷 =
𝜎𝑝

𝜇
→ 𝑚𝑖𝑛! (2) 

where the RSD is the relative standard deviation, and the denominator is the return of 
portfolio, for which it is true that 

𝜇 = 𝑤𝑖𝑟𝑖 + 𝑤𝑗𝑟𝑗 (3) 

The relative standard deviation should be minimized because it represents the risk per 
unit return, so the lower its value, the less risk the investor has to take for a unit return [8]. 

http://www.bet.hu/oldalak/adatletoltes
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2.3. Mean-Gini model 

For better robustness, the portfolio optimization is performed using another method 
besides the most commonly used mean-variance model, which is based on minimizing the Gini 
index coefficient, which can still quantify the risk-return relationship. Correcting for the 
shortcomings of the mean-variance model (quadratic of preferences, assumption of normality 
of distributions), the portfolio optimization model was further developed based on the index 
introduced by the Italian economist Corrado Gini [44]; [46]. Examples of portfolio analysis 
based on the mean-Gini model can be found in several literatures [13]; [15]; [29]; [44]; [39]; 
[23]; [25]; [27]; [2]; [45], as well as comparisons with the mean-variance model [43]. 

In economics, the Gini-index, originally used to measure social income inequality, is a 
measure of the inequality of the relative distance between data, recorded in the interval 
between 0 and 1: while a value of 0 is due to the identity of the values of the data series, showing 
perfect equality (so portfolio returns do not differ between periods and hence there is no risk), 
an increasing shift towards 1 is the bigger distance between the values of the data series, and 
hence in this case indicates an increasing degree of inequality between portfolio returns of the 
periods. 

According to the method, the Gini index of a portfolio is defined as the covariance 
between the portfolio’s period returns (r) and its rank, divided by the number of periods (n) 
and the average return over all periods [2]. The presence of negative returns can make the 
average of the data series so low that the coefficient value can take a value higher than 1. The 
value of the Gini index as the target value for the optimization is based on [44]: 

 

𝐺𝑖𝑛𝑖 = 2
𝑐𝑜𝑣[𝑟𝑝, 𝑟𝑎𝑛𝑘(𝑟𝑝)]

𝑛𝜇
→ 𝑚𝑖𝑛! 

(4) 

To test whether the portfolio structures are significantly different for given expected 
returns, we used a paired t-test. Our first hypothesis is the composition of optimal portfolio 
have changed effect of the crisis happened from 2020, and the second is that there is no 
significant difference the compositions of portfolio optimized by the mean-variance and mean-
Gini model. 

3. Results 

3.1. Descriptive statistical analysis of portfolio element returns during the 
crisis period 

The main return indicators of the portfolio elements in the period affected by the crisis 
are included in the Table 1. Overall, for the whole period from 2020 to the present, ALTEO 
shareholders have clearly achieved the highest holding period return of nearly 250 percent, 
which is due to the positive investor sentiment towards ALTEO’s renewable energy 
investments, which are expected to generate stable revenue and earnings growth as energy use 
increases. Besides the four blue chips, Richter performed the best on the HPR, with a holding 
period return of more than 50 percent, mainly due to a significant increase in revenue from 
export sales. Only OTP’s shareholders failed to achieve a return over the whole period, with a 
holding period loss of more than 4 percent. 

Table 1. The main return indicators of the portfolio elements from 2020 to 2023 

Name 
MOL MTELEKOM OTP RICHTER ALTEO 

HPR 
15.33% 22,00% -4.48% 51.84% 247.88% 

Exchange 
rate changes 

-10.07% 3.81% -9.23% 37.92% 232.94% 

Source: own calculations 
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If the exchange rate changes refer to the period 2020-2023 (see Figure 1), we can draw 
conclusions from the minimum, maximum and median values of the periods, taking into 
account the quartiles. The difference between the minimum and maximum values, so the 
spread of the exchange rates, is high for MOL and OTP, for the former for the period 2020-
2021 and for the latter for both periods. This high spread reflects the high risk of the shares, 
while the low spread indicates a low risk level, as exemplified by Magyar Telekom shares for 
the period 2020-2021. In terms of median values, we can highlight the pandemic period for 
ALTEO and the war period for OTP. ALTEO’s monthly returns were above 3.5 percent in half 
of the cases, while OTP’s median was -1.5 percent, so in more than 50 percent of the cases, 
negative monthly returns were achieved with these shares, confirming the HPR-based results. 

Overall, as the higher standard deviations meant that the averages gave less reliable 
results for these periods only, it can be said that the higher the medians and the smaller the 
difference between the extremes, the better the stocks performed. This suggests that OTP 
shares were most negatively affected by the energy crisis period, as the spread of the share 
price remained at an exceptionally high level in the period after 2022, in addition to the lowest 
median value. 

3.2. An optimal portfolio structure during the energy crisis 

In this subsection, we aim to construct an optimal portfolio with the lowest possible 
relative standard deviation in terms of return-risk factors, using the five stocks con- sidered 
above. As a first step, the return, standard deviation and individual relative standard deviation 
of the stocks were calculated using price changes for the monthends from September 2015 to 
September 2023, the end of the energy inflation period. 

 

Fig. 1. Quartiles of the distribution of monthly closing stock in the period affected by 
the crisis, before and after the outbreak of the Ukrainian-Russian war. 

Source: own edition 
 
However, we cannot yet draw conclusions from the RSD data separately for the con- 

struction of our portfolio, the data will only be used in subsequent calculations. If we restrict 
the investment decision criterion to the relative standard deviation, ALTEO shares are the 
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most worthwhile to buy, as they have the lowest RSD value of 2.82 (see Table 2). On the same 
basis, the investor would take the highest risk with Telekom shares in order to obtain a unit 
return. However, given the risk-mitigating effect of diversification, this does not mean that one 
should invest all one’s assets in ALTEO shares and that it would not be worth buying Telekom 
shares under any circumstances, since by buying these five shares in the right proportions one 
can build a portfolio with the RSD even lower than ALTEO. After setting up the covariance 
matrix (see Table 3), it is necessary to determine the weight of the stocks by optimization to 
determine the total portfolio variance. With the weights determined using Solver, a portfolio 
with the lowest possible relative standard deviation was constructed, with a standard deviation 
of 5.93 percent, a return of 2.17 percent and a RSD of 2.73. This effectively confirmed my 
hypothesis that it is possible to construct an optimal portfolio with a relative standard deviation 
even lower than the relative standard deviation of ALTEO, so that it is not really worth 
investing all our assets in ALTEO shares alone, since these shares account for 82 percent of 
our optimal portfolio. The other extreme was Telekom, which had the highest RSD, so in our 
case we did not include any of its shares in the portfolio. This is clearly due to the extremely 
high risk and relatively low return of Telekom shares. 

 
Table 2. Average and variance of returns of portfolio elements after the crises. 

Name Average mounthly 
return 

Risk (variance) RSD 

MOL 
0.68% 7.31% 10,71 

MTELEKOM 
0.42% 5.23% 12.31 

OTP 
1.24% 8.4% 6.79 

RICHTER 
0.88% 6.16% 6.98 

ALTEO 
2.37% 6.68% 2.82 

Source: own calculations 
 
Table 3. Covariance matrix and the optimal portfolio element weights after the crises. 

Name ALTEO MOL MTELEKOM OTP RICHTER 

ALTEO 
0.45% 0.11% 0.05% 0.09% 0.16% 

MOL 
0.11% 0.53% 0.15% 0.36% 0.14% 

MTELEKOM 
0.05% 0.15% 0.27% 0.19% 0.10% 

OTP 
0.09% 0.36% 0.19% 0.71% 0.18% 

RICHTER 
0.16% 0.14% 0.10% 0.18% 0.38% 

Weight 
82.00% 0.00% 0.00% 18.00% 0.00% 

Source: own calculations 
 

3.3. An optimal portfolio structure before the energy crisis 

In this part of our study, the return data of the portfolio elements were taken into account 
from September 2015 onwards, but in this case only up to 2019, to illustrate how the optimal 
structure of the above stock portfolio evolved in the period before the crisis events and to what 
extent the latter events may have influenced optimal investor decisions. The period before the 
energy crisis is also closely related to the period of the Covid-19 crisis, which cannot be 
considered as a ”normal” business period and would therefore also bias the results, which is 
why the time period of the analysis is set to the year before the beginning of Covid-19 (end of 
2019). However, as shown in Table 4, there are significant differences in average returns, 
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standard deviation and RSD for the four blue chips compared to the period affected by the 
crisis (Table 4). The reason for these significant changes is clearly the impact of the crises, 
which have significantly changed the Hungarian stock market. Since portfolio optimization 
based on RSD makes sense for long-term investments, we would not observe a significant 
difference in the weights in the optimal portfolio over 3 years for the reasons mentioned above 
(see Table 5), but this is not the case here due to macroeconomic shocks. Prior to the crisis, 
ALTEO and OTP shares make up a significant part of the portfolio, with 56 percent and 39 
percent respectively, and MOL shares with 5 percent. However, even after 2020, MOL is 
already excluded from the portfolio and only ALTEO and OTP shares remain, with 82 percent 
and 18 percent respectively. 

 
Table 4. Average and variance of returns of portfolio elements before the crises. 

Name Average mounthly 
return 

Risk (variance) RSD 

MOL 
1.06% 5.71% 5,41 

MTELEKOM 
0.23% 4.09% 18.09 

OTP 
1.93% 5.70% 2.95 

RICHTER 
0.67% 5.77% 8.62 

ALTEO 
1.82% 4.86% 2.67 

Source: own calculations 
 

Table 5. Covariance matrix and the optimal portfolio element weights before the 
crises. 

Name ALTEO MOL MTELEKOM OTP RICHTER 

ALTEO 
0.24% 0.00% 0.01% 0.04% 0.06% 

MOL 
0.00% 0.33% 0.10% 0.17% 0.11% 

MTELEKOM 
0.01% 0.10% 0.17% 0.12% 0.07% 

OTP 
0.04% 0.17% 0.12% 0.33% 0.10% 

RICHTER 
0.06% 0.11% 0.07% 0.10% 0.33% 

Weight 
56.00% 5.00% 0.00% 39.00% 0.00% 

Source: own calculations 
 
Prior to the crises, the portfolio’s return of 1.82 percent and standard deviation of 3.82 

percent were set at a RSD of 2.10, compared to the current value of 2.73, which shows a shift 
in the optimized value towards higher risk, in a less favorable way for investors. 

3.4. Impact of the energy crisis on the composition of variance-optimized 
portfolios 

The portfolios defined in the former way are essentially based on minimizing the risk per 
unit of return and a single risk-return pair is defined, although some investors may wish to 
achieve a higher return than this or, conversely, may be satisfied with a lower return. The 
method based on the RSD method can be used to determine the optimal portfolio structure of 
a given set of stocks with the aim of minimizing relative standard deviation, by defining a 
constraint on the value of the return to be achieved, which can be varied to determine the 
changes in the investment combinations that will provide the maximum return with the 
minimum risk. 
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Accordingly, for all potential return levels that mathematically allow for an optimal 
solution, the study has identified portfolios with the lowest possible risk, separately for the 
period up to 2019 (see Figure 2) and the period including macroeconomic shocks (see Figure 
3). The Solver add-on mentioned above was used for the calculations, but in order to be able 
to determine all possible yield levels, it was considered appropriate to use a combination of 
Solver and an Excel VBA, allowing the optimization to be run with a continuously changing 
constraint. In our case, the average return that allowed the optimal solution was between 0.23 
percent and 1.93 percent before 2020, and between 0.42 percent and 2.37 percent during the 
inflationary period, since the shares with the highest average return were OTP in the former 
case and ALTEO in the latter, and the lowest average return in both cases was Telekom. As a 
result, the lowest and highest returns are achieved with a 100 percent share of these particular 
shares and, regardless of the crisis, as the level of expected returns rise, the investor is less and 
less able to minimize his risk with Telekom shares. 

 
Fig. 2. Portfolio composition optimized by the mean-variance method under different 

expected returns in the pre-crisis period. 
Source: own edition 

 
Investors were still able to put together a minimum-risk stock package including the 

above stocks even with a higher expected return following the energy price increases, with the 
difference that before the crisis the increase in expected return - in addition to ALTEO - would 
have increased the weight of OTP only beyond a certain point, whereas after the crisis this was 
only true for the energy provider ALTEO Plc. Since the unit of change in yield levels was defined 
as 0.01 percent, the pre-2020 data series consisted of 171 series and the 2023 data series of 197 
series. 
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Fig. 3. Portfolio composition optimized by the mean-variance method under different 

expected returns taking into account the crisis. 
Source: own edition 

 

3.5. Impact of the energy crisis on the composition of Gini-optimized 
portfolios 

In order to make our calculations more robust and to make a comprehensive and 
consistent investment decision, the optimization of the same stock portfolio was also 
determined using the mean-Gini method based on Gini index minimization, in addition to the 
methodology based on relative standard deviation minimization, both for the pre-crisis period 
(to 2019) and the post-crisis period (from 2020). 

In the optimal portfolio structure obtained by minimizing the Gini index, the same stock 
elements are included for both time periods, with MOL and OTP having 1-2 percent higher 
weighting and ALTEO having the same proportion of lower weighting compared to the mean-
variance model results for the period before 2020. However, taking into account the energy 
crisis, in the optimal portfolio structure, the Gini model already favored ALTEO’s shares and 
weighted its share 5 percent higher, while MOL’s shares would not have been included in the 
portfolio in 2023 by the Gini model, despite its higher share in the past. Overall, based on the 
results obtained, there were no material differences between the two optimization methods, 
confirming and at the same time confirming the reliability of the results obtained by the mean-
variance method. 

The investment combinations optimized by the Gini model show a nearly identical 
picture under different expected returns, both before 2020 (see Figure 4) and after 2020 (see 
Figure 5). The interval of optimal returns calculated using this method is also shifted to the 
same extent in the positive direction and, on this basis, the increase in expected returns has 
reduced the weight of Telekom’s shares, while the weight of OTP (before the crisis) and ALTEO 
(after the crisis) shares has increased significantly. The only difference in the differences in the 
investment mix is the role of MOL, which, according to the Gini model, can be considered as a 
component of a narrower return range (from 1.4 percent before the crisis) and a broader one 
after the crisis. 

Overall, although the composition of Gini index and variance-optimized portfolios at 
different return levels before and after the crisis differs significantly, there is no significant 
difference between the two methods for the same periods, as confirmed by the results of the 
correlated sample t-test (p > 0.05) of the portfolio ratios for the same periods. 
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Fig. 4. Portfolio composition optimized by the mean-Gini method under different 

expected returns in the pre-crisis period. 
Source: own edition 

4. Discussion 

Overall, the crisis did not have a significant impact on the types and number of stocks 
included in the optimal portfolio, but only changed the composition of the stocks included. The 
share of ALTEO shares increased from 56 percent to 82 percent after the energy crisis, while 
the share of OTP shares decreased from 39 percent to 18 percent and MOL shares were 
excluded from the optimal portfolio. The increase in ALTEO’s weighting is clearly due to the 
appreciation of the energy sector and the company’s performance, the decline of OTP is due to 
its recent loss-making returns and the exclusion of MOL is due to the volatility of fuel prices 
and its second-lowest holding period return next to OTP. 

The indicators presented in this study have provided a good insight into the impact of 
the energy crisis and the partly related Covid-19 crisis on the Hungarian stock market. As 
confirmed by the results, the Central European stock markets, which are more exposed to 
external risks, and among them the Hungarian one, have been more sensitive to the crisis due 
to their higher vulnerability, and thus have had a significant impact on the decisions of optimal 
portfolio investors. The optimal portfolio was considered to be higher risk in the crisis period 
compared to the pre-crisis period, in line with the findings of [37], [20]; [36]. Crises tend to 
increase the risk of investing in equities and the demand for less risky, value-sensitive assets, 
so that as investors are willing to pay less for a share, its price falls significantly. These falls in 
share prices occurred for all five companies in the days following the outbreak of Covid-19 and 
the Russian-Ukrainian war. Later, however, the share prices of most stocks corrected to their 
pre-crisis levels, so the conclusion from the results is that in a crisis situation, despite the many 
uncertainties and negative prospects, it is not advisable to immediately sell your existing 
shares, because if there are no persistent and insoluble problems in the operations of the 
company issuing the shares, you can make a profit on the same shares in the longer term. 

If we consider the price movements for the five stocks, it can be said that, despite the falls 
following the crises, by 1 September 2023 all stocks had almost reached the price level of 1 
January 2020. In Table 1, the sum of these price changes and the returns for the full holding 
period after 2020 multiplied by the weights in the optimal portfolio we have defined for the 
pre-crisis situation is used to determine the price return and total return that could have been 
achieved with this portfolio between 1 January 2020 and 1 September 2023. In a structure 
optimized to minimize relative standard deviation, the portfolio price would have risen by a 
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total of 126.34 percent and the total return over the holding period would have been 137.83 
percent, which includes the dividend yield in addition to the price gain. If we consider the 
optimization procedure based on the Gini index, we obtain similar results, with a 119.08 
percent exchange rate gain and a total return of 130.72 percent. This means that if an investor 
had invested his total savings in a portfolio with this structure on 1 January 2020, he would 
have had almost 2.5 times the value of his savings by 1 September 2023, and would have been 
able to achieve further returns by using the dividends received. 

 
Fig. 5. Portfolio composition optimized by the mean-Gini method under different 

expected returns taking into account the crisis. 
Source: own edition 

 
Since the stock market is very sensitive to all the developments in the economy and a 

myriad of events can affect the share price, the indicators in Table 1 do not allow us to draw 
clear conclusions about which stocks perform best overall. However, we can say that the share 
price of MOL and OTP was most negatively affected by the 2020 crises, as reflected in the 
decrease in the share of both stocks in the structure optimized by both methods. OTP’s shares 
have been the lowest performing, with a loss of around 4.5 percent for holding the stock since 
before 2020. The main reason for this is the weakening of the forint exchange rate, with which 
the performance of a country’s banking sector is highly correlated. 

5. Conclusion 

ALTEO’s shares generated the highest return over the period, mainly due to the 
company’s investments in renewable energy, which helped the company to achieve a huge 
increase in earnings. This has confirmed our hypothesis that, comparing the situation before 
and after the energy crisis, the shares of the company with the greatest interest in the energy 
sector have been the most profitable under different return expectations. In this context, it can 
be suggested that the positive impact of potential crises on certain industries should be taken 
into account when formulating investment strategies. It is also worth highlighting the shares 
of Magyar Telekom, which is currently showing the most stable growth in terms of share price, 
mainly due to a reformed dividend policy and a new pricing policy for services, and which could 
ultimately be used as a management policy tool to offset the negative impact of a broader crisis 
on share prices. 
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The results of the correlated sample t-test at the end of our study also supported the 
hypothesis that there is no statistically significant difference (p > 0.05) between variance and 
Gini-index optimized portfolio structures under each return expectation, thus investors are 
advised to use both methods together when designing more reliable investment strategies. 
Overall, it can be said that the uncertainties arising from the effects of the crises no longer 
threaten the stock market for the most part, and that a stabilizing trend in share prices can 
therefore be observed. In our view, lower government bond yields due to the stabilizing 
economic conditions should lead to a rebound in stock trading, so that potential investors with 
savings can now achieve very favourable returns by investing in equities, even with a 
diversification strategy that is suited to their risk tolerance. 
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