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Volatility capital buffer to prevent the breach 
of the Solvency ii capital requirements*

Zoltán Zubor

The Solvency II regulation prescribes continuous capital adequacy, despite the 
fact that insurance companies only determine their capital adequacy in a reliable 
manner once annually. The volatility capital buffer1 (VCB) is meant to guarantee 
that, despite the higher volatility arising from the market valuation, at a given α 
confidence level the solvency capital of insurers meets the capital requirement on 
a continuous basis. This paper reduces the problem to the search of the probability 
distribution quantile belonging to the α confidence level (VaRα), the 99.5 per cent 
quantile of which is the solvency capital requirement (SCR) specified in the Solvency 
II Capital Regulation, and thus the VCB can be expressed as a percentage of the SCR. 
Without the assumptions related to the distribution, any value may be obtained 
for the VCB ratio, but it can be squeezed into a relatively narrow band even under 
natural assumptions. On the one hand, the analysis of these distribution groups 
may further narrow the possible values, and on the other hand it points out that in 
the case of fatter-tailed distributions (when major, extreme losses may also occur 
more frequently) and positive skewness (when the probability of the loss is smaller 
than that of the profit, but the value thereof is expected to be higher), we obtain 
a lower VCB ratio.
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1. introduction

The two most important quantitative elements of the Solvency II regime, which 
entered into force on 1 January 2016, is the changeover to market valuation and 
the capital requirements covering all risks of insurers. Insurance liabilities have 
no market and hence they also have no market price. The new regime models 
the value at which another insurer would accept the liabilities. In the case of the 
solvency capital requirement, the value to be defined is the one under which the 
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maximum probability of the decrease in the insurer’s solvency capital to a greater 
degree than this is 0.5 per cent.

The changeover to market valuation implies greater short-term volatility of the 
solvency capital and capital adequacy (EIOPA 2011; EIOPA 2013). The short-term 
high volatility of capital adequacy, and through that of the insurers’ financial position 
is not in line with the typically long-term nature of the business (Insurance Europe 
2013). There were several ideas for the elimination of artificial volatility, which were 
tested by the European Insurance and Occupational Pensions Authority (EIOPA) 
in the LTGA2 impact study in 2013 (EIOPA 2013). In the present regulation, the 
smoothing of artificial volatility is served by the volatility adjustment, the matching 
adjustment and – in the initial period – the transitional measures (LTG measures).

According to the EIOPA 2014 stress test, the impact of the LTG measures is 
ambiguous. Although the individual elements may exert a significant impact on the 
capital adequacy,3 only a few insurers made or could make use of the opportunity: 
the volatility adjustment, the matching adjustment and the various transitional 
measures were applied by 31, 7 and 2–10 per cent of the participants, respectively 
(EIOPA 2014).

The higher volatility of the Solvency II capital adequacy also impacts the Hungarian 
market (MNB 2015a), which was confirmed by the impact studies as well (MNB 
2015b, Bora et al. 2015). Based on the data of 11 insurers4 that participated in each 
of the last five impact studies,5 the average of the relative standard deviation6 of 
their Solvency I capital adequacy ratios is 0.179, while it is 0.260 in the case of the 
Solvency II ratios, which clearly reflects that capital adequacy in the new regime is 
substantially more volatile.

The LTG measures have a modest impact in the Hungarian market. According to the 
quantitative impact studies performed by the Magyar Nemzeti Bank in 2014, none 
of the participating insurers7 have applied matching adjustment or wish to apply 
it in the future. All of them presented the impact of the volatility adjustment, but 
this resulted in a mere 4.1 per cent improvement in the capital level, i.e. the LTG 
measures are able to absorb the high artificial volatility of the Solvency II capital 

2  Long-Term Guarantee Assessment
3  For example, the capital level of those that applied the volatility adjustment increased on average by almost 

30 per cent. 
4  Capital-proportional coverage: 64–75%. 
5  QIS5 (EIOPA 2009); QIS5bis (HFSA 2010); QIS_2012 (HFSA 2012); QIS_2014 (MNB 2014); RIGL (data supply 

for preparation purposes 2015) – in each case on the data of the end of the year preceding the year of the 
implementation of the impact analysis.

6  The quotient of the variance and the expected value.
7  23 insurers – 80% coverage in proportion to capital.
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adequacy only to a small degree, and do not eliminate the risks arising from the 
high volatility.

Article 100 of Directive 138/2009/EC (hereinafter: Directive) and (in accordance with 
this) Section 99 of Act 88/2014 (hereinafter: Insurance Act) prescribe continuous 
capital adequacy as a general rule, while insurers are only obliged to determine 
and report their compliance with the prescribed capital requirement periodically: 
the solvency capital requirement is to be presented annually, while the solvency 
capital is to be reported quarterly. How can this compliance be guaranteed in the 
interim periods? The regulation offers an ambiguous solution for this. The insurer 
need only comply with the last reported solvency capital requirement, which must 
be recalculated during the year as well, if the risk profile of the insurer changes 
materially. Although the trends in solvency capital must be monitored continuously 
and reported quarterly, the review based on exhaustive, audited data is usually 
performed only annually; i.e. due to the high volatility it may easily occur that an 
insurer with adequate, e.g. 120 per cent, capital level becomes short of capital even 
within a year, thereby violating the law.

If the insurer or the supervisory authority wishes to reduce the risk of capital 
shortfall in the interim period that lasts until the next reliable calculation of the 
insurer’s capital position, it is practicable to hold slightly higher capital than the 
capital requirement (capital buffer) or to prescribe this for the insurers. 

So far we have no example of management of the risks arising from the higher 
volatility using a capital buffer (volatility capital buffer), and thus there is also no 
literature on this. The topic and notion of the volatility capital buffer was first 
raised in November 2014 by Koppány Nagy (MNB) at the MABISZ (Association of 
Hungarian Insurance Companies) conference. One of the most important objectives 
of this paper is to determine and introduce the purpose8 and exact content of the 
volatility capital buffer (VCB).

The second most important purpose of the paper is to present an approach that 
permits the reduction of the VCB (through the probability distribution underlying 
the SCR, as discussed later) to the SCR value. It is shown that in the absence of 
an assumption with regard to said distribution any value may be obtained for the 
VCB, but subject to various natural assumptions the possible buffer rates can be 
reasonably limited. The analysis of different distribution families may serve as a basis 
to determine the capital buffer to be maintained or which is worth maintaining, 
when the risk profile of the insurers corresponds to the given distribution family 

8  The volatility of the capital adequacy may be attributable to several factors the volatility capital buffer 
does not have to respond to all factors, as in certain cases – e.g. when the portfolio changes substantially 
or contrary to the preliminary expectations, or the insurer changes its internal procedures or calculation 
models in a way that may significantly impact the capital adequacy – the insurer can be expected to perform 
an extraordinary determination and presentation of its capital position.
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the most. On the other hand, it highlights the fact that we obtain a smaller capital 
buffer in the case of those insurers where there is a higher probability of extreme 
losses,9 or where the value of the expected loss is likely to exceed the value of the 
expected profit, i.e. the assumption of normal distribution usually results in an 
upper estimate for the VCB value.

2. Purpose of the volatility capital buffer

The purpose of the volatility capital buffer is to reduce the risk of the insurer 
experiencing a capital shortfall in the interim period between the reliable 
calculations and presentations of the capital adequacy.

The capital adequacy of an insurer may change due to several factors. These factors 
can be grouped based on three criteria:

i.  By portfolio: Whether the change occurred due to the change in the existing 
portfolio, in the new portfolio that developed in accordance with the preliminary 
expectations or due to change in the portfolio that significantly departs from the 
expectations. The existing and new portfolio means the portfolio that already 
existed on the reference date of the last reliable capital adequacy report or acquired 
thereafter – until the next calculation – also bearing in mind the contract boundaries.

ii.  By core components: Whether the improvement/deterioration occurred due to 
the change in the capital requirement or in the eligible solvency capital.

iii.  By type of trigger: Whether the change in the capital level occurred due to 
external or internal causes. Internal factors include all events that are attributable 
to the insurer or the owners, such as changing the models, assumptions or 
processes used for the determination of certain balance sheet items, capital 
elements or the SCR, payment of dividends or capital replenishment.

According to Section 268(1) of the Insurance Act and Section 27 of Government 
Decree 43/2015 (hereinafter: Decree 43), the insurer must perform the 
extraordinary calculation of its capital requirement if its risk profile has changed 
significantly, e.g. if its portfolio has changed in a significantly different manner and 
degree than expected. In this case (also bearing in mind Section 27(5) of Decree 
4310), the insurer is expected to recalculate its entire capital adequacy and report 
it to the supervisory authority. The insurer may also be expected to recalculate and 
report its capital adequacy, if it introduces such new models or assumptions that 
substantially influence the capital adequacy. 

9  So-called fat-tailed distributions, or right-skewed distributions.
10  Based on which the supervisory authority may oblige the insurer to recalculate its capital requirement 

or (to accumulate solvency capital of sufficient volume), if there is a good reason to assume that the risk 
profile of the insurer has changed.
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Based on the foregoing, the volatility capital buffer must respond only to the existing 
and the expected new portfolio, and it needs to absorb only the risks arising from 
those changes in the solvency capital that occurred due to a change in the external 
factor (environmental changes).

The solvency capital is the sum of the basic and the ancillary own funds. Basic 
own funds comprise the assets exceeding the liabilities (net asset value) and the 
subordinated liabilities. In Hungary, the role of the ancillary capital is marginal. 
On the other hand, it is distinct and not exposed to random volatility. The latter 
statement is also valid for the subordinated liabilities, i.e. of the solvency capital 
only the change in the net asset value has relevance for the VCB.

In avoiding the capital shortfall, it is not recommended – and usually also not 
possible – to aim for 100 per cent certainty. The volatility capital buffer means 
the surplus capital that over the given horizon (according to the above: one year) 
provides protection against the volatility of the basic own funds at the α confidence 
level (0% < α < 100%) and ensures permanent capital adequacy in accordance with 
the laws. To be more precise, VCBα is the value, where (1)

 P X <VCBα( )=α ,  (1)

where the X probability variable is the decrease in the value of the basic own funds 
within a given time horizon, due to external factors, in respect of the existing and 
expected to be acquired new insurance portfolio.11 VCBα is the quantile of the 
X probability variable belonging to level α, or – with the term also used in the 
Insurance Act – its value-at-risk (2) 

 VCBα =VaRα X( ).  (2)

According to Article 101(3) of the Directive, “The Solvency Capital Requirement 
shall be calibrated so as to ensure that all quantifiable risks to which an insurance 
or reinsurance company is exposed are taken into account. It shall cover existing 
business, as well as the new business expected to be written over the following 12 
months. With respect to existing business, it shall cover only unexpected losses. It 
shall correspond to the value-at-risk of the core solvency capital of an insurance 
or reinsurance company subject to a confidence level of 99.5 % over a one-year 
period.” According to this formulation the X probability variable included in the 
definition of the VCB of a one-year horizon corresponds to the probability variable 
that is also included in the definition of the solvency capital requirement, the value 
belonging to the 99.5 per cent quantile (VaR) of which is the SCR, i.e. (3) 

 VCB99.5% = SRC.  (3)

11  Equation (1) has a solution for all α, if the X probability variable is absolutely continuous. In our case this 
may be assumed.
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With this, we reduced the task to the search for the quantile belonging to a given 
confidence level of such a probability variable, the 99.5 per cent quantile of which 
is known to us (at least in theory; see below). In order to see clearly what this 
approach really means and the type of risks managed by the VCB thus obtained, it 
must be clarified that the SCR (in theory) is the 99.5 per cent value-at-risk of what 
kind of X probability variable. 

According to the Solvency II regulation, X means the loss incurred on the existing 
portfolio and on the portfolio expected to be acquired in the next 12 months. 
By calculating technical provisions, all possible future cash flows (with their own 
probability) arising from the existing portfolio (within the contract boundaries) 
must be taken into consideration. Based on this, X means the unexpected loss in 
respect of the existing portfolio. This is also confirmed by Article 101(3) of the 
Directive. However, no such condition is included in the laws in respect of the 
portfolio to be acquired in the next 12 month, and thus in this respect the expected 
loss (which in fact is a profit in the case of most insurers) must be also taken into 
consideration. However, there is no trace of this in the standard formula; therefore 
in the following let us assume that the solvency capital requirement provides cover 
for the unexpected losses in respect of the new portfolio as well, i.e. the expected 
value of the loss (of the X probability variable) underlying the definition of the SCR 
(with the standard formula) is zero.

The question is whether we want to consider the expected profitability of the new 
portfolio, and if so, how to do so. Based on the outlined objectives, the volatility 
capital buffer needs to respond only to the unexpected part; however, upon its 
application it must be borne in mind that the expected profit/loss is not at all 
accidental. For example, a home insurance contract should be typically treated as 
one that will be terminated on the next renewal date. However, the majority of the 
contracts are automatically renewed (which, according to the contract boundaries, 
qualifies as new contract), thus in the case of a profitable portfolio the new portfolio 
to be acquired in the next 12 months presumably will be also profitable. 

Hereafter, the unexpected loss serves as the basis for the volatility capital buffer, 
i.e. VCBα =VaRα X( )., where X is the unexpected decrease in basic own funds due 
to changes in the environment, in respect of the existing portfolio and the new 
insurance portfolio to be acquired in the next 12 months, similarly to the conceptual 
definition of the standard formula of SCR.

Accordingly, we look for the α quantile of such a probability variable (VCBα =VaRα X( ).), the 
99.5 per cent quantile of which is known to us (SCR). However, does the SCR defined 
with the standard formula indeed correspond to the 99.5 per cent quantile of the 
given insurer’s actual X probability variable? For this each of the following conditions 
should be satisfied: (i) the standard formula is well-calibrated, (ii) the standard 
formula describes the risk profile of the given insurance undertaking accurately, 
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(iii) the insurer calculated its capital requirement precisely, in accordance with the 
standard formula, based on real, reliable data. 

Of these, the first two conditions are definitely not satisfied: let us merely consider 
the correlation coefficients defined as the multiples of 0.25, or the flood risk factors 
defined identically within a county. It can be, and is perhaps worth disputing how 
well the standard formula measures the risks, but not in connection with the 
volatility capital buffer; hence, in the following I assume that the SCR calculated 
and reported by the insurer is the 99.5 per cent quantile of exactly that probability 
variable the α quantile of which we are looking for. 

The Solvency II regime prescribes a two-tier capital requirement. The breach of 
the minimum capital requirement (MCR) – which is usually of lower degree,12 can 
easily be calculated and must be determined quarterly – entails substantially stricter 
supervisory measures. The more stringent (higher) solvency capital requirement 
(SCR) must be defined by a complex model, which wishes to respond to all possible 
risks, annually. It is worth mapping the volatility capital buffer with this two-tier 
system, with different confidence levels: a higher level should be targeted in the 
case of the MCR.

3. Possible approaches for the calculation of the volatility capital buffer

3.1. Based on the distribution of the total unexpected loss

As outlined in Section 1 VCBα =VaRα X( )., where X – the unexpected decrease in 
basic own funds – is the same probability variance, the 99.5 per cent quantile of 
which is the SCR. 

If we knew the distribution of X, it would be easy to define the VCBα =VaRα X( ).. However, the 
unexpected loss occurs as a result of various shocks, under dependency relations, 
and thus it is not possible to determine the distribution accurately. Moreover, in the 
case of insurers with contracts of different claim distribution, different reinsurance 
coverage, different asset portfolio, etc., the attributes of the unexpected loss 
distribution may fundamentally differ from each other.

Approximation of the capital buffer may be performed by using different 
assumptions for the type of distribution (distribution family), estimating the 
necessary parameters. Here we may rely on the fact that the SCR is the value-at-risk 
of the same distribution belonging to the 99.5 per cent level, on a one-year horizon.

12  The MCR can be defined by a relatively simple formula, but it must not exceed 45 per cent of the SCR (i.e. 
it is lower than the SCR), but an absolute threshold depending on the activity must be reached, e.g. in the 
case of life insurers EUR 3.7 million (i.e. in the case of smaller insurers this lower threshold may be higher 
than the SCR). 
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Setting out from the VCB99,5%=SCR fundamental assumption, lower and upper 
estimates for the VCB may be performed based on more general assumptions for 
the distribution, which may help assess the result obtained with assumptions for 
the various distribution families. 

3.2. Based on the modular decomposition of the unexpected loss
It can be seen that the value of the capital buffer to be obtained on the basis of the 
total unexpected loss depends significantly on the distribution of the loss. Due to the 
different business models of the individual insurers, this distribution may be distinctly 
different, and this difference may also substantially influence the estimation of the 
VCB; there are also such artificial business models in the case of which the different 
distributions generate extremely different capital buffers (see Section 4.2.1).

We may try to remedy this problem – with substantial extra work – by decomposing 
the loss function into components corresponding to the modules of the SCR standard 
formula, defining the appropriate volatility capital buffer part for the individual 
components and aggregating them by applying the appropriate correlations.

This method will return a more accurate and reliable result only if we know the 
distribution of the unexpected loss belonging to the individual modules. But let  
us just look at the non-life insurance catastrophe risk module as a basis: the loss 
distribution essentially varies depending whether it has a proportional or non-
proportional reinsurance coverage.

Thus, the problem discussed in the first half of this section – which we tried to solve 
with the modular approach – may also occur in the case of the individual modules. 
And, although it is possible that for certain modules there is a better foundation 
for assuming the distribution of the unexpected loss, and thereby the VCB can be 
estimated with a lower error margin in the case of the individual modules, the 
aggregation of the sub-results is problematic. Although there are given correlations 
necessary for the aggregation in the SCR standard formula, those belong to the 
99.5 per cent confidence level (99.5 per cent VaR), but nothing guarantees that the 
same correlations are suitable in the case of a confidence level of 75 per cent, for 
example. The different diversification impact may significantly distort the final result.

Let us take, for example, the X and Y marginal distributions of the bivariate (X; Y) 
uniform distribution on [-0.5;0.5]X[-0.5;0.5]. These are independent probability 
variables, of uniform distribution on the [-0.5;0.5] interval, with expected value 
of zero, the quartile of which belonging to α equals to α-0.5. It is easy to see that 
the appropriate quantile of the Z=X+Y probability variable is 1− 2⋅ 1−α( ).  If we 
want to aggregate VaRX

2 +2⋅ρ ⋅VaRX ⋅VaRY +VaRY
2   then in the case of α=99,5%  

the aggregation should be performed by ρ=0,653, while in the case of α=75% it 
should be performed by ρ=0,314. An aggregation by 0.653 would distort the result 
upward by 55.2 per cent.
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On the other hand, it is more important to set lower and upper bounds for the 
targeted capital level than to make a more accurate estimate, i.e. to be able to 
say whether the given estimate is a lower or upper estimate. It is still a question 
whether we do not lose more with the modular approach on the problem of 
aggregation than we can gain by the more accurate estimation of the individual 
modules. At present this is an open question.

In summary: The modular approach does not decrease the reliability of the 
estimated volatility capital buffer significantly, while the multiple distorting effects 
lower the transparency of the potential disharmony between the hypothetical value 
and the estimate; as such I do not go into further details on this approach.

3.3. Empirical approach
The appropriate quantile of the loss function may also be estimated with the use of 
empirical data related to the change in the solvency capital or the capital position 
(capital surplus). 

The usability of the empirical VaR requires relatively many observed values, i.e. 
in our case we need long time series. For example, to ensure that the empirical 
quantile value belonging to the 90 per cent level is not determined automatically 
by the highest value, we would need at least 15–20 data points, meaning a time 
series of 15–20 years. This method should be excluded not only because we do not 
have such a long Solvency II time series, but also because the condition of usability 
is that the observed values should originate from probability variables of identical 
distribution, i.e. the risk profile of the insurer and the environment13 should not 
change. This cannot be assumed even for a short time horizon.

Another possibility is to assume that the distribution of the unexpected loss belongs 
to a certain distribution family, and we estimate the necessary parameters of the 
assumed distribution from the available data. For example, the standard deviation 
of the distribution with the use of the empirical standard deviation. The estimation 
of the missing parameters returns a reliable result only if we have a sufficiently large 
number of estimations, i.e. sufficiently long time series. However, the invariance 
of the distribution cannot be guaranteed on the longer horizon, while this is also a 
condition for the applicability of the method. 

Another condition in both cases is that the observed values should be independent 
of each other. It is questionable whether the annual values of the unexpected losses 
may be deemed independent. 

The capital buffer linked to empirical standard deviation is a logical choice, as it is 
the standard deviation of the unexpected losses that best characterises the volatility 

13  The unexpected loss depends not only on the insurer’s portfolio and operation, but also on the environment.
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against which the VCB protects the insurer from the capital shortfall. However, 
without knowing the distribution (distribution type) of the loss we cannot judge 
the level (probability) of the protection provided by e.g. a capital buffer of 2/3 
(empirical) variance. In the case of normal distribution this protection is 75 per cent, 
but under another distribution this may be overly or insufficiently prudent. The 
aforementioned factors (sufficiently long time series, steadiness of the distribution 
and the environment, independence) question the adequacy of the estimate thus 
obtained even more. 

In Section 4.3 I present empirical data despite the fact that, according to the 
foregoing, it is not possible to determine an adequate VCB based on those.

3.4. Time horizon
The purpose of the volatility capital buffer is to prevent capital shortfall in those 
interim periods when the insurer does not calculate its capital position. The 
minimum capital requirement and the solvency capital are to be determined 
quarterly, while the solvency capital requirement must be calculated annually. 
The insurers need to comply only with the last reported capital requirements, and 
thus VCB should not provide protection against the possible change in the capital 
requirements. This means that the “interim period” is the period when we have no 
information on the solvency capital, i.e. the capital buffer must provide sufficient 
protection on a quarterly time horizon. On the other hand, the insurers often 
perform accurate calculations for determining the value of some assets and the 
majority of the liabilities only annually, and they must have their data audited also 
annually only, which questions the reliability of the quarterly figures. The objectives 
of the capital buffer may also include the elimination of the uncertainties arising 
from the superficial estimate, which raises the necessity of the one-year horizon. 

If Xi denotes the unexpected loss incurring in quarter i (X = X1 + X2 + X3 + X4), and we 
know the value of VaRα(X), then under certain circumstances we may also determine 
the value of VaRα(X1). For example, if the VaR is proportionate to the variance (e.g. 
in the case of normal distribution) and we assume that the Xi are independent and 
of identical distribution, then (4)

 VaRα X1( )= VaRα X( )
2

.  (4)

However, usually none of the proportionality, the independence and the identical 
distribution conditions is satisfied. 

Let us assume that an insurer is sensitive only to the decline of the yield curve. The 
substantial, unexpected loss incurred in the first quarter means the yield curve 
significantly declined. However, in this case in the second quarter the yield curve 
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can no longer decline to such an extent that make it suffer a loss of the same degree. 
Thus the value of X1 also influences the distribution of X2 and not only its value. 

Hereafter we search for the VCB belonging to the one-year horizon.

4. Estimating the volatility capital buffer

The task is to determine the α quantile of a probability variable of zero expected 
value in the knowledge of its 99.5 per cent quantile. It can be seen that if we assume 
nothing on the distribution of X, then we can obtain any value for the vcbα =

VCBα
SRC

 
proportion. 

It is reasonable to set out from the assumption that X is of normal distribution. In 
this case, independently of the parameters of the specific distribution, we simply 
obtain the VCB values as a function of α. This may be considered as an initial, 
benchmark value; however, the distribution of an insurer’s loss may significantly 
depart from the normal one. This is typically the case when the insurer underwrites 
significant risks or undertakes long-term obligations, which may give rise to material 
losses, while the magnitude of the profit is relatively limited (i.e. the distribution 
is a positively skewed14), or when the probability of the substantial losses is not 
negligible (“fat-tailed” 15 distribution). Hence it makes sense to examine other 
possible distribution families as well. 

The real loss distributions belong to a given distribution family at least by better or 
worse approximation, thus the analysis of the constraints based on the more general 
features of the distribution may also be useful in terms of the practical application.

4.1. Based on assumptions related to the type of the loss distribution 
(distribution family)
This Section has a dual purpose. On one hand, it is possible to look at the VCB 
values that would be obtained if the type of the X probability variable was known. 
On the other hand, the results demonstrate that the right-skewed and fatter-tailed 
attributes decrease the rate of the capital buffer, i.e. the value obtained by assuming 
normality may be regarded as a kind of upper estimate. 

The Section discusses the named distribution families in slightly more detail than 
absolutely necessary, to enable even those to interpret the obtained values (i.e. 

14  The skewness of a distribution may be determined in several ways. The most commonly accepted measure 
is the Pearson’s skewness, which is nothing else but the third moment of the standardised distribution 
(expected value of its third power). The distribution is right-skewed, if its third central moment is positive. 
In the case of a loss distribution this means that the probability of an unexpected large loss is higher than 
that of an unexpected high profit. 

15  Intuitively, the distribution of Y loss is more fat-tailed than the X distribution, if in the case of Y the 
probability of extremely high losses is higher than in the case of X, and this relation increases with the 
increasingly higher losses. 



102 Studies

Zoltán Zubor

in which case they may approximate the loss distributions of certain insurers, to 
what extent the result may be realistic) who are less familiar with the features of 
the individual distribution families. 

4.1.1. Assuming that X is of normal distribution 

In this case (5) 

 VCBα =φ−1 α( )⋅σ +m,  (5)

where Φ-1 is the inverse of the standard normal cumulative distribution function, σ 
is the standard deviation of X, m is the expected value of X . Based on E(X) = 0 m = 0.

On the other hand, (using m = 0)

 SRC =φ−1 99.5%( )⋅σ ,, from where   (6)

 σ = SCR
φ−1 99.5%( ). Substituting: (7)

 VCBα =
φ−1 α( )

φ−1 99.5%( ) ⋅SCR
 (8)

which practically means a capital adequacy requirement of (1+vcbα) times, where

 vcbα =
φ−1 α( )

φ−1 99.5%( )..  (9)

The value of the capital buffer thus obtained can be easily determined; the values 
belonging to the individual levels are in presented in Table 1. For example, in 
the case of a capital adequacy of 126.2 per cent, the probability of the insurer’s 
compliance with the (old) capital requirement even after one year is 75 per cent, 
while for achieving a confidence level of 90 per cent a capital level of almost 150 
per cent is required.

Table 1.
Volatility capital buffer as a percentage of SCR – normal distribution

α 50% 55% 60% 65% 70% 75% 80% 85% 90% 95%

vcbα 0.0% 4.9% 9.8% 15.0% 20.4% 26.2% 32.7% 40.2% 49.8% 63.9%

Source: Own calculations.
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4.1.2. Assuming that X belongs to other named distribution families
Before discussing the named distribution families, let us make a few digressions. In 
respect of the X probability variable in question, we assume that its expected value 
is zero. However, at the majority of the possible distributions (e.g. exponential, 
lognormal, Pareto) it is E(X)>0. In this case either the quantiles of the X’=X–E(X) 
transformed probability variable should be examined, or (which in fact is the same) 
the distance of the quantiles from the expected value. 

In the remaining part of the Section we search for the (10) vcbα capital buffer ratio:

 vcbα =
VCBα
SCR

=
VaRα X( )−E X( )
VaR99.5% X( )−E X( ).

 (10)

If the Y probability variable is one time the constant of X (i.e. an insurer’s 
unexpected losses always just coincide with e.g. seven times of another insurer’s 
unexpected losses), then we get the same vcbα value for Y, as VaRα (c∙X)=c∙VaRα(X), 
and E(c∙X)=c∙E(X), i.e. in (10) it may be reduced by c16. Consequently, the value 
of vcbα is invariant to the linear transformation of the distribution (displacement 
invariance). (For example, it would have been enough in the previous Section as 
well to examine only the standard normal distribution.)

4.1.2.1. Skew normal distribution
The impact of the skewness on the capital buffer is illustrated through the skew 
normal distribution. Probability density function (11)

 f x( )= 2ϕ x( )φ ax( ) 17 (11)

where φ and ϕ are the cumulative distribution function and probability density 
function of the standard normal distribution (for more details, see Azzalini1 – 
azzalini.stat.unipd.it). Parameter a determines the skewness of the distribution. a 
= 0 returns a standard normal distribution, a > 0 returns a positively skewed, while 
a < 0 returns a negatively skewed distribution. The greater the absolute value of 
the a parameter is, the more skewed the distribution will be.18

16  Obviously here, the only possibility is c>0, as in the case of c<0 the loss turns into profit and vice versa. 
17  Az Y = aX+b lineáris transzformált eloszlásfüggvénye g x( )= 2ϕ x−b

a( )φ α x−b
a( )( ).. Ezek alkotják a teljes ferde 

normális eloszláscsaládot. A volatilitási tőkepuffer mértéke azonban invariáns a lineáris transzformációra, 
ezért elég a standardizált verziót vizsgálni.  

18  Not only “visually”, but also in mathematical terms.
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Figure 2. 
Value of the vcb75% and vcb90% under different a parameters
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Figure 1. 
Probability density function of the skew normal distribution transformed to 
expected value of 0 and standard deviation of 1
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The simulations ran on one hundred thousand samples (based on Azzalini2 – 
azzalini.stat.unipd.it) clearly show (see Figure 2.) that the more positively skewed 
the distribution is, the smaller the vcbα is. For example under a = 4 even a 118.6 
per cent capital adequacy provides a protection of 75 per cent, which in the case 
of normal distribution (a = 0) may only be achieved under a capital level of 126 
per cent. 

Table 2.
vcbα values in the case of skewed normal distribution under different a parameters

a = 0 a = 1 a = 2 a = 3 a = 4 a = 8 a = 100

65% 15.0% 13.6% 10.6% 8.6% 7.8% 7.2% 6.7%

75% 26.2% 24.5% 21.4% 19.0% 18.6% 18.0% 17.5%

85% 40.4% 38.0% 35.7% 33.2% 32.9% 32.7% 31.8%

95% 63.9% 61.9% 60.7% 58.3% 58.8% 58.6% 57.5%

Note: based on simulation run on one hundred thousand samples
Source: Own calculations.

According to Arató (1995), the most often used claim distributions are the 
exponential, the lognormal, the Pareto, the gamma and the Weibull distributions; 
therefore it is worth examining the value of the volatility capital buffer with these 
distribution families as well, despite the fact that the volatility of claims is usually 
not the primary cause of the volatility of the net asset value.

4.1.2.2. Exponential distribution
Exponential distribution may be used for modelling the service life of equipment 
where the probability of breakdown does not depend on the age of the equipment 
(“ageless” distribution). Probability density function (12)

 f x( )= λe−λx x > 0( )   (12)

wears off relatively fast, but it is significantly skewed to the right. Its expected value 
is E(X)=1/λ, thus the unexpected loss is X-1/λ. It can be easily deduced (13)

 vcbα =
ln 1−α( )−1

ln 1−99.5%( )−1 ,  (13)

i.e. vcbα does not depend on the λ parameter. We knew this on the basis of the 
displacement invariance as well, since the changing of the λ parameter merely 
results in the linear transformation of the distribution.
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Table 3.
Volatility capital buffer as a percentage of SCR

α 50% 55% 60% 65% 70% 75% 80% 85% 90% 95%

vcbα –7.1% –4.7% –1.9% 1.2% 4.7% 9.0% 14.2% 20.9% 30.3% 46.4%

Note: The negative vcbα values are attributable to the fact, that (due to the strong skewness of the expo-
nential distribution) VaRα is lower than the expected value even under a relatively high confidence level. 
Source: Own calculations.

4.1.2.3. Lognormal distribution
The distribution of a probability variable is lognormal when its logarithm is of 
normal distribution. Or in other words: if the X probability variable is of normal 
distribution, the eX is of lognormal distribution. Accordingly, its probability density 
function (14)

 f x( )= 1

σ 2πx
e
−
lnx−µ( )2
2σ2 x > 0( ).   (14)

This results in (15)

 VaRα = eφ
−1 α( )⋅σ +µ     and      E X( )= eσ2

2
+µ ,  (15)

based on which (16) 

 vcbα =
e φ−1 α( )⋅σ +µ( ) −eσ2

2
+µ

e φ−1 99.5%( )⋅σ +µ( ) −eσ2
2
+µ

= eφ−1 α( )⋅σ −e
σ2
2

eφ−1 99.5%( )⋅σ −e
σ2
2

,  (16)

i.e. vcbα does not depend on μ (Φ is the cumulative distribution function of the 
standard normal distribution). This also follows from the displacement invariance, 
as the probability density function of Y = X

eµ
 (17)

 g x( )= 1

σ 2πx
e
−
lnx( )2
2σ2 ,  (17)

i.e. the μ = 0 value can be obtained by linear transformation.

By increasing σ the distribution is increasingly skewed to the right. Pearson’s 
skewness ( )= e 2 1 2+ e 2  increases extremely fast as a function of σ . In case 
of σ<2Φ-1(α) 19, based on the experiences (see Figure 4), the value of vcbα keeps 
getting smaller by increasing σ thus the skewness.

19  In the case of σ = 2 the probability density function is already skewed to such a degree that even the 
80 per cent quantile is smaller than the expected value, due to which vcbα < 0. We get a negative VCB,  
if 2Φ-1(99,5%)>σ>2Φ-1(α).

https://hu.wikipedia.org/wiki/Norm%C3%A1lis_eloszl%C3%A1s
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Figure 3. 
Probability density function of the lognormal distribution shifted to zero expected 
value, under different σ parameters 
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Figure 4.
Value of vcbα as a function of parameter σ
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If we approximate to zero with σ, the skewness of the distribution is converging to 
zero, and the vcbα values keep approximating (from below) the values obtained in 
the case of normal distribution, which is easy to prove formally as well, using (16) 
(which is also easy to deduce)

 lim
σ→0

vcbα = limσ→0

eφ−1 α( )⋅σ −e
σ2
2

eφ−1 99.5%( )⋅σ −e
σ2
2

=
φ−1 α( )

φ1 99.5%( ) ,  (18)

which equals to the vcbα obtained for the normal distribution, based on (9).

Table 4.
vcbα values in the case of lognormal distribution under different σ parameters

σ = 1E-10 σ = 0,1 σ = 0,2 σ = 0,5 σ = 1 σ = 2

65% 15.0% 11.9% 9.2% 3.2% –1.6% –3.2%

75% 26.2% 22.4% 19.0% 10.8% 2.7% –2.1%

85% 40.2% 36.1% 32.1% 21.9% 10.2% 0.3%

95% 63.9% 60.2% 56.5% 45.9% 30.7% 11.8%

Source: Own calculations.

4.1.2.4. Pareto distribution
The Pareto distribution has a similar relation to the exponential distribution, as the 
lognormal to the normal one: if X is of (a; c) parameter Pareto distribution, then  
ln X

c( ) is of a parameter exponential distribution (Arató 1995). Probability density 
function 

 f x( )= a ⋅ca

xa+1
,  (19)

if x > c, otherwise 0. Changing parameter c simply means a linear transformation, 
which has no effect on the value of the capital buffer. It can be easily deduced (20) 

 vcbα =
1−α( )−1a − a

a−1
1−0.995( )−1a − a

a−1

.  (20)
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Figure 5. 
Probability density functions of the Pareto distribution shifted to zero expected 
value, under different a’s (c = 1)
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Figure 6. 
Value of vcbα as a function of parameter a
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If a ≤ 1 , the expected value of the distribution is infinite, thus it makes sense 
to define the vcbα only when a is greater than 1. By increasing a the tail of the 
distribution keeps getting thinner and less skewed to the right20 (see Figure 7).  
Experiences show in the cases that are relevant for us (where VaRα(X) > E(X)) that 
by increasing a the capital buffer also increases under any fixed confidence level; 
thus it is true here as well that by increasing the skewness or making the tail of the 
distribution fatter the value of vcbα decreases.

It has only theoretical relevance to examine the boundary value of vcbα, when a 
converges to the infinite. It can be easily deduced (21) 

 lim
a→∞

vcbα =
ln 1−α( )+1

ln 1−99.5%( )+1 ,  (21)

which is positive only if α >1− 1
e∼63.2% , i.e. under a confidence level of 63.2 

per cent, we get negative volatility capital buffer for all loss functions of Pareto 
distribution. Usually VaRα(X)>E(X) is fulfilled, if α >1− 1− 1

a( )a. The threshold α 
parameters belonging to the individual a parameters are explained in Table 5.

20  It is easy to conceive that Pearson’s skewness γ = 2 a+1( )
a−3

a−2
a  (a>3) decreases monotonously in a. 

Figure 7. 
Pearson’s skewness of the Pareto distribution as a function of parameter a (c=1)
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Table 5.
vcbα values in the case of Pareto distribution under different a parameters

a = 1,5 a = 2 a = 5 a = 10 a = 1000 a = 1E+09

60% –3.7% –3.4% –3.0% –2.6% –2.0% –1.9%

65% –3.2% –2.6% –1.0% –0.1% 1.1% 1.2%

75% –1.5% 0.0% 4.3% 6.4% 9.0% 9.0%

85% 1.7% 4.8% 12.9% 16.6% 20.8% 20.9%

95% 14.0% 20.4% 34.9% 40.5% 46.4% 46.4%

Source: Own calculations.

In the case of the various distribution families, changing the parameters modifies 
not only the distance of VaRα and VaR99.5% from the expected value, but also the 
relation between them. If α < 99.5% then VaRα < VaR99.5%, but the expected value 
may be anywhere relative to these. For example, in the case of Pareto distribution, 
if we approximate to 1 with parameter a, all three values will increase, but it is 
the expected value that increases the fastest, “overtaking” first the VaRα and the 

VaR99.5% value. Thus vcbα =
1−a( )−1/a− a

a−1
1−0.995( )−1/a− a

a−1

 , as the function of parameter a, becomes 

negative under any α < 99.5% and first converges to the minus infinite, then – after 
a discontinuity – it converges from the plus infinite to 1 21 (see Figure 8). That is, any 

21  It is not difficult to show the latter. 

Figure 8. 
Behaviour of vcbα near a = 1 (α = 75%)
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value may be obtained for the volatility capital buffer even if we assume a Pareto 
distribution (see also Section 4.2.1). 

4.1.2.5. Gamma distribution
Gamma distribution probability density function (22) 

 f x( )= λpxp−1e−λx

Γ p( ) ,  (22)

which in the case of p=1 corresponds to the probability density function of the 
exponential distribution. (Γ(p) is the gamma function22.) In the case of p ≤ 1 f(x) 
converges to the infinite, if x (from the positive side) converges to zero, and in the 
case of p > 1 it converges to zero. Increasing p will make the tail of the distribution 
thinner23, and reduce the skewness, while the changing of λ means only a linear 
transformation, i.e. it is indifferent for us.

We also get a gamma distribution by the convolution24 of p pieces of fully 
independent exponential distributions with parameter λ (Newton L. Bowers 
et al. 1997). As a result of the central limit theorem, the standardised gamma 
distribution25 keeps approximating the standard normal distribution by increasing 
p. Thus – as vcbα is invariant to the linear transformation of the distribution – it is 
not surprising that the vcbα values obtained under p are very much similar to the 
figures obtained under the normal distribution. 

Experiences show that the value of vcbα increases under a fixed α, if p increases, 
i.e. it is true here as well that increasing of the skewness or making the tail of the 
distribution fatter reduces the value of the capital buffer.

Table 6.
vcbα values in the case of gamma distribution under different p parameters

0,5 1 1,5 4 10 1000 1E+09

65% –1.8% 1.2% 2.9% 6.5% 9.1% 14.3% 15.0%

75% 4.7% 9.0% 11.3% 15.9% 19.1% 25.4% 26.2%

85% 15.6% 20.9% 23.6% 28.9% 32.5% 39.4% 40.2%

95% 41.3% 46.4% 48.9% 53.8% 57.1% 63.1% 63.9%

Source: Own calculations.

22  Γ p( )= t p−1e−t dt
0

∞

∫   expansion of the factorial function: Γ(n)=(n-1)!, if n is non-negative integer. 
23  Increasing of p makes the tail of the distribution thinner in the following sense: distribution X is of more 

fat-tailed than distribution Y, if for the probability density functions of their standardised version f(x) and 
g(x), respectively lim

x→∞

f x( )
g x( ) =∞ . 

24  The distribution of the sum of the probability variables is the convolution of the individual distributions.
25  The standardised version of the X probability variable is the linear transformed version of X, the expected 

value of which is zero, and its standard deviation is 1: X’ = (X – E(X))/D(X), where E(X) is the expected value, 
D(X) is the standard deviation, provided that these do exist. 
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Figure 9. 
Probability density functions of the gamma distribution shifted to zero expected 
value, under different p’s (λ = 1)
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Figure 10. 
Value of vcbα as a function of parameter p
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4.1.2.6. Weibull distribution
The Weibull distribution is also the expansion of the exponential distribution. 
Probability density function (23)

 f x( )= k
λ
⋅ x
λ

⎛
⎝⎜

⎞
⎠⎟
k−1

⋅e− x
λ( )k    x ≥ 0,k ,λ > 0( ).  (23)

This may be used for modelling the time to breakdown (death). In the case of 
k<1 with the passing of time it models decreasing (e.g. infant mortality), while in 
the case of k>1 it models an end (e.g. car theft, old-age mortality) of increasing 
probability, and in the case of , k=1 it models breakdown independent of time (e.g. 
electric bulb). The increasing of k reduces the skewness of the distribution, and 
makes the tail of the distribution thinner (see footnote 23). 

The rate of the capital buffer (24) can be easily deduced here as well

 vcbα =
−ln 1−α( )( )1k −Γ 1+ 1

k( )
−ln 1−99.5%( )( )1k −Γ 1+ 1

k( )
,   (24)

where Γ is the already mentioned gamma function. The obtained expression does 
not depend on λ due to the displacement invariance.

Experiences show that the vcbα increases monotonously in the positive range, if we 
increase the value of k26, i.e. it is true here as well that the higher skewness or the 
more fat-tailed distribution entails lower capital buffer. When converging k to 0 we 
obtain negative capital buffer even at the higher confidence levels. It is conceivable 
that if we increase the value of k beyond any limit, the limit of vcbα is 

 lim
k→∞

vcbα =
ln −ln 1−α( )( )−γ

ln −ln 1−99.5%( )( )−γ ,  (25)

where γ is the Euler–Mascheroni gamma (~0.5772) (Jeffrey C. Lagarias 2013). 

Table 7.
vcbα values in the case of Weibull distribution under different k parameters

0,5 1 1,5 2,5 5 1000

65% –3.4% 1.2% 6.1% 12.5% 19.2% 27.8%

75% –0.3% 9.0% 15.9% 23.8% 31.3% 40.2%

85% 6.1% 20.9% 29.5% 38.1% 45.7% 54.2%

95% 26.8% 46.4% 55.0% 62.6% 68.5% 74.6%

Source: Own calculations.

26  If α≥75%, then experiences show that vcbα keeps monotonously increasing in k. The statement has not 
been proven formally. 
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Figure 11. 
Probability density functions of the Weibull distribution shifted to zero expected 
value, under different k parameters (λ = 1)
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Figure 12. 
Value of vcbα as a function of parameter k
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4.2. Estimations performed based on general distribution attributes
4.2.1. Arbitrary distribution
The real distribution of an insurer’s loss does not belong to any of the distribution 
families; i.e. no matter which distribution family is assumed, it cannot be guaranteed 
that the capital buffer determined on the basis thereof guarantees the prescribed 
capital adequacy in the interim period at the targeted confidence level. Is it possible 
to find a universal p_upperα or p_lowerα parameter that in the case of an arbitrary 
X distribution function with expected value of zero 

 p_ lowerα ⋅VaR99.5% X( )≤VaRα X( )≤ p_upperα ⋅VaR99.5% X( )?  (26)

It was presented in Section 4.2.2.4 that such universal parameters do not exist even 
if we assume in respect of X that it is of Pareto distribution. However, here for the 
really interesting case – when the expected value of X is higher than both VaRα(X) 
and VaR99.5%(X) – we obtained an absolute upper bound of ln 1−α( )+1

ln 1−99.5%( )+1 .

The simple examples below show that if we assume nothing in respect of X, then 
the value of the quotient (27) 

 VaRα X( )
VaR99.5% X( ) =

VaRα X( )
SRC

 (27)

can be anything. 

Let us examine the following distribution family, the (28) probability density function 
of which27:

 f x( )=
A, if   0≤ x <1
B, if   1≤ x ≤b+1
0  otherwise

⎧

⎨
⎪

⎩
⎪

 (28)

Under A = 0.995, B = 0.0000125, b = 400 the expected value of X is E(X) = 1,5, while 
its 99.5 per cent quantile will be VaR99.5%(X) = 1. If the loss of an insurer were of 
such distribution, it would mean that the 99.5 per cent quantile of its unexpected 
loss, i.e. its solvency capital requirement would be SCR = VaR99.5%(X) - E(X) = -0,5, 
i.e. negative. If under a fixed B = 0.0000125 A is gradually decreasing to the critical 
0.99499368712625 value (and in parallel with this we increase b such that the f(x) 
remains a probability density function28), the VaR99.5%(X) – E(X) gradually converges 
to zero from the negative side, while under arbitrary α < 99 per cent confidence 
the VaRα(X) will be always between -1.5 and -0.5, that is (29) 

 lim
Varα X( )−E X( )
SCR−E X( ) = +∞  (29)

27  We could build a portfolio that has similar distribution and thus the aforementioned circumstances would 
fit the insurer thus created, but in real life no such loss distribution occurs. 

28  That is, the field below f(x), in our case should be A*1+b*B = 1.
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Due to similar considerations the quotient converges to the minus infinite, if A is 
gradually increasing toward the critical 0.99499368712625 value. Thus, the vcbα 
may take any value. 

Even then, we can only provide for the searched quotient the (30) trivial  

 0≤
VaRα X( )
VaR99.5% X( ) =

VaRα X( )
SCR

≤1  (30)

estimation, if we assume that both the SCR and the VaR are positive: Setting 
out from the above distribution, for the arbitrary α we can find such A (and the 
corresponding b) that ensures that VaRα(X) - E(X)= 0, i.e. usually it is not possible to 
provide a better estimate than the left side of the above trivial estimate. Keeping 
the same example, let us fix the value of A as A = α! If we converge with B to the 
plus infinite (and simultaneously modify b to ensure that A + b*B = 1 is maintained), 
then the VaRα X( )

SCR  quotient converges to 1, i.e. usually it is not possible to find a better 
estimation than the right side of the trivial inequality, other assumptions must be 
made with regard to the distribution of the unexpected loss. 

4.2.2. Unexpected losses with decreasing probability

It is a natural assumption that the probability of the unexpected loss decreases 
with the degree of the loss; or to put it more accurately: P(a<X<a+ε) ≤ P(b<X<b+ε), 
if a≥b>0, where X is the unexpected loss, ε is an arbitrary positive number. If 
distribution X has probability density function f, then this condition is equivalent 

Figure 13. 
Probability density function of the distribution presented in the sample
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to f decreasing monotonously in the [0;∞) interval. It is not difficult to show that 
then in case of α<99,5% (31) 

 
VaRα X( )
VaR99.5% X( ) =

VaRα X( )
SCR

≤ α − p
99.5%− p

,   (31)

where   p = P X < 0( )= f
∞

0

∫ . If X is of symmetric distribution (i.e. f is an even function), 
then p = 0.5. The key argument against the assumption of normal distribution is 
that the value of the unexpected loss usually exceeds the rate of the unexpected 
profit, the average of the unexpected losses is typically higher than the average of 
the unexpected profits. 

Let us denote the average of the unexpected losses (32) with V!

 V = E X X > 0( )  (32)

where V = E X X > 0( )  means the conditional expected value of X under the condition 
of X>0. Let us denote the unexpected profits (33) with N! 

 N = E X X < 0( )  (33)

Considering that E(X) = 0, i.e. E(X+)=–E(X-), where X+=max(X;0), X-=min(X;0), and that 
it is followed by E(X│X>0)=E(X+)/P(X>0) and E(X│X<0)=E(X-)/P(X<0) (34)

 p
1− p

= V
N
,  (34)

where p = P(X<0) in accordance with the foregoing. If the average unexpected loss 
is higher than the average unexpected profit, i.e. V>N, then p>0.5. As the α−π

99.5%−π  
expression decreases monotonously in p, the V>N is fulfilled in the case of (35) for 
all α < 99.5% confidence levels.

 
VaRα X( )
VaR99.5% X( ) =

VaRα X( )
SCR

≤ α − 0.5
99.5%−0.5  (35)

Consequently, for example vcb75%≤0,505, i.e. in the case of a 150.5 per cent capital 
level each insurance company whose unexpected loss distribution satisfies the 
following two conditions will comply with the capital requirements with a probability 
of at least 75 per cent: (i) the probability of the larger unexpected losses is lower; 
(ii) the unexpected losses on average are higher than the unexpected profits. 

However, if we know, for example, that the average of the unexpected losses is 
twice as high as that of the unexpected profits (then p ≥ 2/3) then even a capital 
level of 125.4 per cent is sufficient, with a probability of 75 per cent, for the capital 
adequacy on a one-year horizon.

p
p
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Table 8.
upper estimate for the value of vcbα as a function of the quotient of the average of 
unexpected losses and unexpected profits (V/N)

1 1,2 1,5 2 4 10

65% 30.3% 23.3% 12.7% –5.1% –76.9% –301.6%

75% 50.5% 45.5% 38.0% 25.4% –25.6% –185.2%

85% 70.7% 67.7% 63.3% 55.8% 25.6% –68.8%

95% 90.9% 90.0% 88.6% 86.3% 76.9% 47.6%

Source: Own calculations.

4.2.3. Unexpected losses of a probability that declines at a decreasing rate
In the previous Section, we used the natural assumption that the probability of 
increasing losses keeps decreasing, that is the f(x) probability density function of 
the unexpected loss is monotonously decreasing, if x>0 (E(X) = 0). It can be assumed 
especially in the case of the fatter-tailed and strongly right-skewed distributions that 
although the probability of increasing losses keeps decreasing, the intensity of the 
decrease is also becoming lower and lower, i.e. the probability density function is 
monotonously decreasing and convex in the case of x>0 (E(X) = 0). 

Using the fact that the secant drawn for the probability density function’s curve 
for the α and 99.5 per cent quantiles runs under the probability density function, 
if 0<x<VaRα and if VaR99.5%<X, and over, if VaRα < x < VaR99.5% (see Figure 14), we get 
the following (36) inequality:

Figure 14.
Probability density function of the distribution presented in the sample

VaR α VaR 99.5%
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 vcbα =
VaRα

VaR99.5%

≥ 1− p − 1−α
1− p − 1−99.5%

,      where  (36)

in accordance with the foregoing p = P X < 0( )= f−∞
0
∫ .

In a symmetrical case, or if the average of unexpected losses equals one of 
unexpected profits (i.e. p = 0.5), the minimum capital level necessary for the 75 
per cent confidence level is 132.5 per cent. However, a V/N ratio higher than one 
better fits the assumptions made at the beginning of the section. For example, in 
the case of V/N = 2, also mentioned in the previous section, the minimum capital 
level required for a 75 per cent confidence is 115.3 per cent. If we also rely on the 
results of the previous section, the target capital level is somewhere between 115.3 
and 125.4 per cent in this case.

Table 9.
Lower estimate for the value of vcbα as a function of the quotient of the average of 
unexpected losses and unexpected profits (V/N)

V/N 1 1,2 1,5 2 4 10

65% 18.1% 13.7% 7.3% –2.8% –38.4% –125.7%

75% 32.5% 28.9% 23.6% 15.3% –14.0% –86.0%

85% 50.3% 47.5% 43.6% 37.5% 15.9% –37.2%

95% 76.0% 74.7% 72.8% 69.8% 59.4% 33.8%

Source: Own calculations.

4.3. Estimation performed on the basis of empirical variance
Based on the considerations outlined in Section 1, on a one-year horizon the 
volatility capital buffer at the given α confidence level should guarantee that the 
insurer’s solvency capital would not decrease below the level of the last determined 
solvency capital requirement due to unexpected losses incurred on its existing 
portfolio and the portfolio to be acquired in the next 12 months as a result of 
environmental changes. Apart from the difficulties related to the empirical approach 
listed in Section 3.3, one of the biggest problems is that we have no data for the 
capital decrease attributable specifically to the above mentioned circumstances 
and only estimates can be performed for this in the future as well. 

Of the available data, it is the change in the net asset value that is the closest to 
the volume to be examined based on the foregoing, which has to be adjusted for 
the external capital flows (capital injection, dividends). For this we may use the 
data of the QIS5 (2010), QIS5bis (2011), and the 2012 and 2014 impact studies, 
and the RIGL preliminary Solvency II data supply (2015). Only those insurers should 
be involved in the comparison that participated in at least four of the above five 
data supplies, although the standard deviation cannot be estimated reliably even 
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in the case of a sample with four or five elements. The result should be further 
adjusted for the expected profit/loss of the new portfolio, but this is not possible. 
In certain cases the volatility may have been considerably influenced by the fact 
that the insurers provide the data on “best effort” basis, and thus the data did not 
fully cover the objectives outlined by the Solvency II regime.

In accordance with Section 3.3, we may apply the 2/3 rule for the 75 per cent 
confidence level, based on which the empirical volatility capital buffer is 2/3 of the 
standard deviation of the net asset values adjusted in accordance with the previous 
paragraph. If the value of the empirical capital buffer is converted into the targeted 
capital level, i.e. divide it by the SCR value – assuming normal distribution – we 
should obtain additional capital levels around 26.2 per cent.

However, the results obtained from the foregoing should be viewed critically. It is 
not surprising that at 65 per cent of the 20 insurers, that may be considered on 
the basis of the empirical data, the capital buffer is higher than that based on the 
hypothetical model assuming normal distribution (which usually results in upper 
estimates) and in the case of 35 per cent of them the difference is more than 
twofold.

In view of the fact that the empirical data belong to different periods and different 
statuses, it is worth performing the comparison (conversion) also with the average of 
the previous SCR’s; however, the difference between the empirical and hypothetical 
approach hardly decreases here as well. 

Figure 15.
Empirical volatility capital buffer as a percentage of SCR
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5. Summary

The volatility capital buffer – as capital held in addition to the capital requirement 
– is meant to reduce the risk that the insurer’s solvency capital falls below the 
last determined and reported capital requirement in the interim period when the 
insurer does not calculate its solvency capital. This paper details an approach with 
which the task can be reduced to searching for the quantile belonging to a given 
confidence level of the same probability variable, which is the 99.5 per cent quantile 
of the solvency capital requirement (SCR).

Taking the SCR standard formula as a basis, with this approach the VCB reduces 
the insurer’s risk of capital shortfall in the insurer’s basic own funds (net asset 
value) arising from the unexpected loss incurred on the existing portfolio 
and the portfolio to be acquired in the next 12 months. The surplus capital 
requirement thus obtained may be significantly overruled, for example, by the 
profit expected to be realised from the expected renewal of the insurer’s existing 
contract portfolio.

It follows from the approach that the value of the VCB is proportionate to the SCR. 
The vcb = VCB

SRC  ratio thus obtained may have any value, if we apply no restrictions 
for the distribution of the unexpected loss. Assuming normal distribution, the VCB 
ratio belonging to the 75 per cent and 90 per cent confidence level is 26.2 and 49.8 
per cent, respectively. In the case of the distribution families used for modelling the 
claim distributions, the VCB value may depend (occasionally – e.g. Parato – to an 
extreme degree) on the distribution parameters: the capital buffer rate decreases 
with the fattening of the distribution’s tail and right skewness. 

The value of the capital buffer may be defined within a narrow range under certain 
reasonable general assumptions. Assuming that the probability density function of 
the distribution is monotonously decreasing and it is convex in the (0; ∞) interval, 
then depending on the ratio of the expected loss value (V) and the expected profit 
value (E), we can provide lower and upper estimates, being close to each other, 
for the VCB. For example, in the case of a 75% per cent confidence level under a 
V/E = 1 ratio the VCB falls between 32.5 and 50.5 per cent , while under V/E = 2 it 
is between 15.3 and 25.4 per cent.

The above analyses and calculations show that the capital buffer to be targeted 
by the insurers and expected by the supervisory authority may be fundamentally 
influenced – among others – by the assumed distribution, the targeted confidence 
level and the consideration of the expected profit/loss on the future portfolio, 
but upon defining the ultimate rate other considerations may also emerge (e.g. 
prudency, simplicity). 
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