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MEASURING THE EXCHANGE RATE RISK OF A TYPICAL UKRAINIAN BANK’S PORTFOLIO. COMPARISON OF VALUE-AT-RISK MODELS

by Nataliia Nedashkivska

Head of the State Examination Committee: Mr. Volodymyr Sidenko,

Senior Economist                                                                                                 Institute of Economy and Forecasting,                                                                 National Academy of Sciences of Ukraine 

Nowadays, VaR technique is widely promoted by Basel Committee and is increasingly employed by major banks for calculation of capital reserve requirements. This paper uses Basel Back-testing criteria to compare the behavior of  three base VaR approaches (LN(MA), LN(EWMA), HS) with two advanced VaR hybrid models (BRW, HW) that calculate exchange rate risk exposure of a large Ukrainian bank. The empirical study is based upon data on EUR, USD, RUB and GBP open positions and correspondent exchange rates for the period 6/1/2005 - 29/12/2007. This study shows that all five approaches except of LN(MA) model at 99% confidence level pass Back-testing successfully and therefore can be applied for determination of capital reserves. Empirical results demonstrated that performance of the HS model can be improved by applying exponentially declined weights to the historical data (HW hybrid model) or by scaling observations by the ratio of current and historical volatilities (BRW hybrid model). The reason behind this improvement is that hybrid models in contrast to basic models do not rely on the assumptions of normality and constant volatility of the exchange rates which are violated for Ukrainian emerging market.
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Glossary

Value at Risk – the predicted worst-case loss on a portfolio resulted from adverse risk factors movements. It is calculated over certain future period and at a certain confidence level. 
Market risk – capital risk which concerns uncertainty of the future returns due to the adverse changes in interest rates, exchange rates and equity returns. 

Exchange rate risk – capital loss on the portfolio resulted from unfavourable changes of exchange rates. 
Capital reserve requirements - the amount of capital that must be reserved by the bank over a certain period of time to avoid possibility of bankruptcy.
LIST OF ABBREVIATIONS
BRW      - VaR model invented by Boudoukh  Richardson and  

                Whitelaw  

EWMA   -Exponentially Weighted Moving Average model for  

                 estimation of volatility
GARCH -Generalized Autoregressive Conditional Heteroskedasticity
HS          - Historical Simulation (VaR model)
         HW         - VaR model invented by Hull and White

LN          - Log-Normal (VaR model)
MA         - Moving Average model for volatility estimation 
MC         - Monte Carlo simulation (VaR model)

         NBU       - National Bank of Ukraine     

UAH       - Hrivna (Ukrainian national currency)

VaR         -Value at Risk

VaRC      -Value at Risk Contribution

Chapter 1

Introduction
In the recent years significant political and economic changes had a profound influence upon the macroeconomic situation in Ukraine. In particular, the banking sector made a considerable contribution to its economic development. However, doing business in Ukraine involves higher level of uncertainty compared to other countries with stable economic environment.
In general any bank, regardless of whether it operates in an emerging financial market or not, incurs losses resulting from exposure to different types of risk such as credit, market, liquidity, operational risks. According to Zask (1999) and Allen (2004), banks take credit risk in the case when counterparty fails to fulfil conditions of the contract. Market risk concerns the uncertainty of future returns due to adverse changes in interest rates, exchange rates and equity returns. Market risk is subdivided into price, interest rate and exchange rate risks. Price risk which is related to securities and commodities shows how the value of a portfolio decreases as a result of adverse price movements. Interest rate risk concerns the risk that expected gains will not be achieved due to interest rate changes. Interest rate risk is related to all interest rate sensitive positions of the bank’s balance sheet. If portfolio cash flows are denominated not in the base currency of the bank, then the value of the portfolio is sensitive to fluctuations of foreign exchange rates and is exposed to exchange rate risk. Liquidity Risk concerns both the risk related to the liquidity of financial instruments and the risk of the solvency resulted from bank’s failure to repay its liabilities. Operational risk includes losses from operational failures (breakdown of people, processes and systems) within the organization. In addition, this type of risk concerns strategic and business risks, which originate from changes in government policies and market conditions as well as from mergers and acquisitions.

Making better-informed decisions regarding business directions and capital allocation maximizes risk-adjusted returns. Therefore, having adequate market rate risk management system is an issue of great importance for any bank in the emerging market country. In the past decade VaR became widely used by banks, government regulatory agencies, other financial enterprises as a new risk-management tool for monitoring and controlling all types of risk (Zask, 1999).
In my research I calculate exchange rate risk exposure of a large Ukrainian bank using three base VaR approaches (LN(MA), LN(EWMA), HS) and two advanced VaR hybrid models (BRW, HW). Hybrid approaches combine the best features of LN and HS models and are proved to outperform them (especially for the case of volatile emerging markets)
. The main idea of my research is to compare all these five VaR methods with the help of Back-testing and determine whether or not hybrid models really estimate risk more precisely than base approaches. Then recommendations can be given concerning which models should be applied by the bank in order to estimate capital reserve requirements more accurately.

The rest of the thesis is organized as follows: Chapter 2 reviews the literature about VaR, Chapter 3 outlines main theoretical concepts of VaR methodology, Chapter 4 describes the data used for estimation of exchange rate risk, the results of empirical estimation are presented in Chapter 5, Chapter 6 concludes and describes possible fields of future research.
Chapter 2

Literature review

There are numerous research papers dedicated to analysis, development and practical application of the VaR methodology. But before presenting the main trends existing nowadays in this field I would like to give a brief definition of VaR, classification of main VaR models and an overview of approaches which can be used for evaluation of these models. Next I will mention for what purposes VaR can be applied by banks. Then main advantages and drawbacks of the popular estimation techniques will be discussed and only then I will present principal findings of some research papers. I will conclude the section with summary of main results and description of my own research. 

2.1 Definition of VaR. Classification of VaR models and their  comparison

Allen (2004) proposed the following definition of VaR and brief classification of VaR methods:

Definition of VaR

VaR is a measure of the expected loss on the portfolio resulting from adverse price movements. It is calculated over some future period and at a certain confidence level (probability). VaR answers the question “How much could we loose today given our current position and the possible severe adverse changes in the market?” For example, there is only 1% chance that actual losses on the bank’s trading portfolio will be higher than the calculated 99% VaR .
Classification of VaR methods :

In practice a variety of methods can be applied for calculation of VaR. These methods rely upon different assumptions.  All VaR techniques  can be divided into 2 broad categories: 

-Historical-based approaches, which rely on historical data and divides further on parametric and non-parametric models. 
· Parametric models involve imposition of specific distributional assumptions on risk factors. Log-normal approach is the most widely used parametric model, which implies, as it can be understood from the name, that market prices and rates are log-normally distributed. This kind of distribution is characterized only by 2 parameters: mean and standard deviation. Under the assumption of normality the VaR can be calculated as:

[image: image41.wmf]å

å

å

å

-

=

-

=

-

=

-

=

-

-

=

=

=

N

c

i

portfplio

i

portfolio

N

N

c

i

position

N

position

N

N

c

i

portfolio

i

N

c

i

position

i

portfolio

position

position

V

V

V

V

loss

loss

Loss

Loss

VaRC

j

j

j

j

j

)

1

(

1

)

1

(

1

)

1

(

1

)

1

(

1

)

(

)

(

                                                               (2.1)

      Where: Z-the quantile of normal distribution
                   T-holding period

             σ-st. dev. of a risk factor

So, for the assessment of risk one needs only to know the volatility, which can be in turn estimated with the help of various techniques. The most popular are equally weighted MA, EWMA and GARCH approaches. MA is simple a usual historical deviation, calculated over specific past period. EWMA on the other hand puts more weights on recent observations. This approach is justifiable when distant past influences the near future negligible (the situation of changing market conditions). 

· Non-parametric approaches use historical data directly without any assumptions of risk factors’ distributions. Historical Simulation is the easiest non-parametric model for practical implementation and assumes that risk factor volatility is a constant.

-Non-historical approaches implies specific and explicitly given statistical model for distribution of the risk factors. Monte-Carlo simulation is a best-known representative of this class of models. It as well as HS model generates possible returns of risk factors but involves more complex mathematical technique .

Model comparison

So there are several ways to estimate the risk exposure of a portfolio. That is why it is important to evaluation the overall performance and to compare VaR models with one another.

According to Engel and Gizycki (1999) each model can be tested on the conservatism (how the VaR measure differs from average VaR ?), accuracy (is the amount of true losses which are greater than the VaR estimate corresponds to the given confidence level?) and efficiency (are monetary resources in general efficiently allocated from the point of view of both outsider controllers and bank’s owners?). For the purpose of this a bunch of summary statistics can be applied (Mean Relative Bias, Root Mean Relative Bias, Likelihood Ratio Test and others). Recommended by Basel Committee and consequently the most widely used in practice statistical test is Back-testing. It is applied for verifying the accuracy of the model. 

So far I made an overview of the available techniques for estimation and further evaluation of VaR models. For what exact reasons VaR is used in practice is described in the following subsection. 

2.2 Application of VaR in banks

Mostly VAR is applied in banks for three following purposes:

· VaR has been promoted by the Basel Committee as a reliable way to evaluate market risk and calculate capital adequacy ratio (BIS, 1995). 

For example Teker and Akay (1999) calculated market risk of 3 Turkish banks for 2000 in quarterly terms using LN and HS models. Authors showed that the capital requirements for all banks should be considerably higher.

· It is not only important to measure risk faced by the bank, but other critical goal is to optimize the operation of the bank in such a way that it takes only deliberately calculated risk, that is to use diversification and hedging strategies as well as optimize the structure of the balance sheet. VaR can be applied for estimation of real benefits from these strategies (Zask, 1999).  

For example Ho (1996) performs marginal changes of the banks’ balance sheet positions which are the major risk contributors and modify the most volatile part of the balance sheet in different ways. Then he found the optimal balance sheet structure with the help of  MC simulation.

Memel and Wehn (2003) uses Monte Carlo to calculate equity risk of German banks from 2001 to 2003 and applies different aggregation approaches. Empirical results show that diversification
 substantially decreases Value at Risk of the supervisors’ portfolio composed of 12 German banks compared with simple “undiversified” measure. 

· VaR number calculated at specific confidence level provides no information about the amount of losses in the tails of distributions. Moreover, risk factors often are non-normaly distributed. That is why Stress testing which is an another way to evaluate risk and a complement to the usual statistical estimation of VaR can be helpful in this case. The main idea of the simplified Stress testing is to simulate extreme, hypothetical events and measure VaR under these “Worst case scenarios” using any available techniques. The main drawback of this approach is that the probabilities of occurrence of these extreme events are unknown. The more advanced technique, the Extreme Value Theory approach is free from this shortcoming, but is more difficult for practical implementation (Zask, 1999).
For example Sy (2005) uses Extreme Value Theory to assess interest rate risk for the case of Indian banking industry under the worst case scenario (low interest rates). Author proved that foreign and new private banks have enough capital reserves, whereas old private banks don’t.

2.3 Main advantages and drawbacks of EWMA and GARCH models of volatility estimation

As was previously stated variation of the risk factors’ used for the calculation of VaR in the parametric Log-Normal model can be estimated with the help of equally weighted MA, EWMA or GARCH. According to Allan (2004) first approach, which is simple an usual historical deviation is not very popular and is rarely applied in practice. Mostly EWMA and GARCH are used. What are the main differences between these techniques? EWMA implies that more weights are put on the recent history rather than on the distant past. GARCH models volatility explicitly.

Under certain constraints
 GARCH(1,1) is transformed into EWMA. Since EWMA is nested into the GARCH why do we need this model at all? The point is that, GARCH involves the estimation of significant amount of parameters. This could lead to estimation error and instability of VAR-COV matrix. EWMA-based models are free from this drawback. 

From the other hand, EWMA requires usage of optimal decay factor which can be found with the help of Maximum Likelihood Estimation. JPMorgans Risk Metrics Group estimated this parameter for different countries and different kinds of portfolios. As optimal for the majority of them RMGroup proposed 0.94 (Fan and Wei, 2001). Most researchers use this recommendation directly for their country and their specific type of portfolio. However, other authors such as Hendricks (1996), Bolgun (2001) make additional computations in order to estimate optimal decay factor.

So, given that the amount of data is sufficient GARCH is a more advanced technique of volatility estimation compared with EWMA. However, more precise VaR measures could be obtained knowing optimal decay factor with the help of EWMA since this methodology does not require estimation of large number of parameters.  
2.4 Main advantages and drawbacks of LN and HS VaR models

As is stated before, there is no principal ideological difference between EWMA and GARCH-based models. LN models, however, differ substantially from HS model.  Sinha and Francisco (2000) state that there is always a trade-off between simplicity of the model and accuracy of underlying assumptions. Both LN and HS approaches  which can be relatively easily implemented in practice rely upon rather unrealistic assumptions. LN models assume normality of market rates and prices. However, in real life and especially in emerging financial markets, distributions of risk factors turn out to be fat-tailed (more observations in tails relatively to the normal distribution) and skewed (declines in prices of risk factors are more severe than increases). That is why VaR calculated using LN model often underestimate extremely big losses. HS, from the other hand, in case the sample period is large, is capable to capture extreme values. However, the longer sample period worsens the ability of this model to account for changing risk factor volatility. In fact HS assumes that the risk factors volatility is constant over time and VaR calculated by this method will never be larger than the worst loss in the past. LN(EWMA) model on the contrary takes into account changing risk factors volatility by putting more weights on the recent past than on the distant observations.    

Table 2.1 Advantages and disadvantages of LN and HS models

	LN
	HS

	Assumes normality and can not capture extreme losses (fat tails)
	Can capture fat tails

	Accounts for changing risk factor volatility
	Assumes constant risk factor volatility  

	Estimation of large number of parameters (GARCH)

Estimation of optimal decay factor (EWMA)
	No additional parameters to be estimated

	Can be applied only in case of linear portfolio
	Can be used in case of nonlinear portfolio


Hendricks (1996) applied and compared 12 VaR approaches – 5 equally weighted moving average and 4 historical simulations (for different holding periods), 3 exponentially weighted moving average (for different decay factors). This author calculating market risk of Federal Reserve Bank of New York concludes that extreme outcomes occur more often and are larger than predicted by the normal distribution and that the size of market movements is not constant over time.

Engel and Gizycki (1999) based their empirical research on the portfolio data from all Australian banks for 1989-1999 and compared HS with LN and MC simulation. They found that HS yield 99th percentile accuracy, though does not “provide the good fit of the full profit and loss distribution”. Authors also pointed out, that conflicting results of various statistical tests do not led to definitive conclusions. 

Bolgun (2001) calculated capital reserve requirements for a typical portfolio of a Turkish bank, comprised of fat-tailed and skewed distributed securities. Author applied LN model and MC simulation, Volatility was estimated using GARCH and EWMA with several decay factors used from 0.9-0.99. It is proved that GARCH-based model yields more accurate results, followed by MC Simulation and EWMA-based model.

From the other hand, Fan and Wei (2001) showed that EWMA-based model performs well for the case of China stock market indexes and 1994-1998 time span.  

Vlaar (1999) measures interest rate risk exposure of one of Dutch banks. Application of back testing reveals that MC simulation and LN both of which use GARCH for estimation of standard deviation approaches outperform HS. 

However, Nath and Samanta (2002)   applied LN, HS and Extreme Value Theory approaches for evaluation of market risk for the Indian bank and main authors’ findings are that LN method underestimates VaR, HS performs the best whereas Extreme Value Theory model sometimes overestimates risk exposure of the bank. 

Wong et al. (2001) predicted market risk using historical data on Australia’s all Ordinary Index returns. This index, being subject to all sorts of market risk, served as a proxy for bank’s typical asset portfolio. Authors are rather categorical in their statement that “the use of ARCH-based and GARCH-based models is not a reliable way for a bank to forecast VaRs and to manage its market risk” since “they consistently fail to meet with the Back-testing criteria”.  

Venchak (2005) calculated exchange, interest risks and CA for one of the Ukrainian banks and showed that for this case LN yields more accurate results than HS model.

Kravets (2006) however, showed that HS performs better than LN when exchange and equity risks were calculated for the case of another Ukrainian bank. Although she chose not 1% but 5% confidence level pointing out that sudden shock in 2005 (hryvnia revaluation) worsen the performance of HS.  

Evidences show that HS and LN methods perform differently depending from data and macroeconomic environment. Nath, Kravets, Hendricks and Engel  prove that HS yield more accurate results, whereas Venchak, Bolgun and Vlaar conclude the opposite. It is interesting to compare my findings with results obtained by other researches and especially by Kravets and Venchak. In my research I apply HS and LN models for calculation of exchange rate risk for the Ukrainian bank which operates in the transition environment. 

2.5 BRW and HW VaR hybrid models

So there is no single simple “best” measure of VaR, all methods applied have their pros and cons. Can the situation be improved? The answer is yes.

In last years the new era in the risk methodology began with the invention of new “hybrid” methods, which nowadays enjoyed wide popularity since they combine the best features of different methods (Boudoukh,  et al., 1997).

BRW model

Boudoukh  Richardson and Whitelaw (1997) came up with new methodology (BRW model) for measurement VaR which is being the mixture of HS and LN model “capture the best of both worlds”. The main suggestion made by authors is that VaR is evaluated as in a usual HS (by calculating the appropriate percentile of the risk factor distribution) but after historical data being exponentially weighted so that more weight is put on the resent observations (as in EWMA based LN model). The data used by Bodoukh et al. (1997) for practical verification of their theoretical findings includes the S&P 500 Index, the spot price for crude oil, the dollar/ DM exchange rate and other economic series which were suspected to be non-normal. The authors compared the performance of  HS, LN(EWMA) and BRW methods (decay factor for both equals 0.99 ) with the help of Back-testing and MAPE. Results show that, according to Back-testing, nonparametric methods and BRW in particular measure VaR more accurately. Bodoukh et al conclude that “the hybrid [BRW] method is very well suited for fat-tailed, possibly skewed series”.   

Sinha and Francisco (2000) applied various statistical tests including Time Until First Failure and MAPE for comparison of BRW with HS and LN models. Time series of securities returns issued in Latin America were used for empirical analysis. Author proved that hybrid BRW substantially outperforms HS and LN. 

HW model

Hull and White (1998) proposed more direct estimation technique (HW model) which is also the combination of HS and LN models. The idea of the approach is that historical data is adjusted using the ratio of volatilities (calculated by either EWMA or GARCH) and takes into account the volatility changes experienced during the period covered by the historical data. Using data on exchange rates and stock indices authors performed Back-testing and calculated MAPE in order to compare their methodology with BRW  and HS models. When exchange risk was calculated at 1% confidence level WH appears to perform the best, whereas for the case of equity risk WH is as accurate as BRW. Authors conclude that their model is perfectly suited for the calculation of VaR in extreme situations. 

Samajdar (2001) compared the HW model against HS and LN models. The performance of the models was tested using data on the foreign exchange trading positions. Application of Back-testing verifies the superiority of hybrid HW approach.  

The conclusion can be made that there is a great variety of VaR methods  which can be used for monitoring and management of market risk as well as for stress

testing. A bunch of statistical tests (with Back-testing being most used among others) is applied for verification of models accuracy and for their comparison.

As was previously stated there is no single best measure of VaR.  Two main competing methodologies are LN and HS models.  Main disadvantage of  LN is that it underestimates extreme losses in the tails of distribution. HS, from the other hand, assumes constant risk factor volatility.  Hull and White, Boudoukh et al. proposed their hybrid approaches which combining LN and HS perform better than simple models especially in time of sudden changes and when distributions are fat-tailed. 

So, since recently BRW and HW approaches became widely used for VaR estimation in various emerging countries. However, they have never been applied for the case of Ukraine.  I am the first who calculate exchange rate risk exposure of one of the Ukrainian banks with the help of these hybrid models and compare them against LN and HS models. 
I expect BRW and HW models to perform substantially better than base LN and HS models, because hybrid models are specially designed to calculate VaR under condition of changing macroeconomic environment and when risk factors are assumed to have non-normal distribution. That is exactly the situation we have in Ukraine, since in the last several years Ukrainian experienced both large external shocks (US mortgage collapse, worldwide food shortage) and substantial negative changes in macroeconomic situation (sharp increase of inflation and external indebtedness, credit boom and “housing bubble”)
. Moreove,r Ukrainian financial market is emerging market, that is why there is a great probability that risk factors are fat-tailed distributed. 
Also it is interesting to compare my findings with those of Kravets and Venchak. They applied HS and LN to measure market risk for two Ukrainian banks. In contrast to Kravets and Venchak I use two additional VaR models (BRW and HW), perform analysis for the different Ukrainian bank and in a time of great macroeconomic changes.
Chapter 3

Methodology

This chapter is devoted to the description of main theoretical concepts of  VaR methodology.  The outline of this section is as follows. First the notion of VaR is introduced with the help of formal definition and simple example. Then main VaR models and aggregation approaches are discussed in detail with emphasize put on estimation techniques of risk factor volatility.  Description of Back-testing methodology and ways of calculation VaR contributions are given at the end of the section. It is important to describe all these concepts in details since I use them in my calculation of exchange rate risk.     

3.1 Value-at-Risk

One of the crucial and complicated questions asked by risk-managers of any bank according to Allan (2004) is “How much we can lose tomorrow on our trading portfolio?”.  In the worst case a bank can go bankrupt, but more precise answer can be provided when risk exposures are estimated with the help of VaR methodology, which rely upon historical data and not always but often on distributions and correlations between risk factors.

The above question then should be restated as “How much can be lost tomorrow with x% probability?” For example 1% VaR denotes a daily loss that will be exceeded only 1% of the time (out of 100 days there will be only 1 day worse than this). In other words there is 99% probability that tomorrow’s losses will be less than 1%VaR.

VaR is a measure of the expected loss on a portfolio resulted from adverse price movements. It is calculated over some future period and at a certain confidence level (probability). The choice of these parameters affects the outcome of the model greatly. For example, as confidence level or length of holding period increases, amount of expected losses increases also. Also note that it is assumed that portfolio composition is unchanged over holding period. However, this is not likely to be true in reality. That is why it is more appropriate to consider short forecast horizons. And the most used in practice confidence levels vary from 95% to 99%. 

According to Zask (1999) more formal definition of VaR is:
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Where: ∆V(∆t, ∆r) – relative change of the portfolio market value

∆t – the holding period

∆r – relative changes of risk factor
C –  the confidence level

That is c% of the time losses on a portfolio will be less than a VaR measure. 

“Square root rule is used” while calculating VaR over period of time a longer than 1 day (for example over a week, a month or a year) 
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Where: N – the time horizon

The simplest possible example of VaR calculation can be as follows : 

Suppose the bank holds a portfolio consisted only from a single position in US dollars with current market value of 50 mln UAH. Assuming that risk factor (in this case it is USD/UAH exchange rate) is normally distributed, the worst possible loss can be calculated using Parametric LN approach.

If  standard deviation of USD/UAH exchange rate equals 10% and we would like to calculate how much the portfolio value could decline with 99% probability over 9 days, then using (2.1) : 
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There is 99% probability that loss on the portfolio over 9 days will not exceed 35 million UAH (Allan, 2004). 

VaR also has its limitations. For example, VaR assumes that variances and correlations between risk factors are stable over time and does not provide good estimation of extreme losses beyond the 99% level.

3.2 LN VaR  model and MA, EWMA, GARCH models for volatility estimation

According to Allan (2004), Log-normal model involves estimation of risk factor distribution parameters using all available data. This approach assumes that risk factors are log-normally distributed. In this case VaR of each financial instrument can be easily determined:
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(3.3)


Where: Zα –the quantile of normal distribution at a α confidence level 

σ – st. dev of a risk factor

V0- current market value of the financial instrument 
Parametric approach is linear. That is it assumes that changes in financial instrument value is a linear function of changes in risk factor value (Suat and Akcaym, 2000). 

According to Engel and Gizycki (1999) before applying formula (3.3) historical data can be weighted in various ways, that is MA, EWMA and GARCH approaches can be used for estimation of risk factor standard deviation.

· Moving Average

The MA approach is the simplest way to estimate risk factor future volatility and is just the usual historical standard deviation. A specific window of the K most resent observations is chosen from the past data and then MA estimation of volatility is calculated as follows:
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Where: ∆rs – relative change of risk factor on day s

K – the holding period

μ – mean change in risk factor value over holding period

Note, that the longer observation window provides higher precision of the MA estimate, but, on the other hand, reduces its adaptability to changing market conditions. 

Zask (1999) argues that one of the important shortcomings of MA estimation approach is that it puts equal weights on resent K observations and zero on all others. However, in reality, for example, a crisis occurred on the financial market affects risk factors volatilities greatly only during the first few weeks and less later on. That is it’s quite possible that other weighting schemes of historical information is more appropriate than equal-weighted scheme assumed by historical standard deviation. Therefore, other estimation approaches of volatility such as EWMA and GARCH have gained wide popularity.  

· Exponentially Weighted Moving Average:

Linsmeier and Person (1996) describe EWMA (exponential smoothing) as the improved method for predicting risk factor future volatility. This model gives more weights to recent data and less weight to distant past. Weights on more distant historical observations decline exponentially from initial weight to zero at the rate which is determine by decay factor (smoothing parameter).
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Where: ∆rs – relative change of risk factor on day s

K – the holding period

μ – mean change in risk factor value over holding period

λ – decay factor

Note that EWMA estimation differs for various smoothing parameters. Under a weighting scheme with λ close to 1 recent information is more relevant and effective sample is shorter then under a weighting scheme with low λ
. 

· GARCH

Allan (2004) points out that GARCH is the most technically sophisticated method and models risk factor volatility explicitly. In case when the future changes in risk factor value can be estimated by GARCH(p,q): 
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Where: ∆rt-I – the relative change in risk factor value on day (t-i)

EWMA is equivalent to restricted GARCH (1,1) that is GARCH(1,1) is a generalization of EWMA, which can be presented in the following form:
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 (3.7)

Then GARCH (1,1) estimation of volatility under restrictions (3.8) is transformed to the EWMA estimation (3.7) .
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So, GARCH is more advanced technique of volatility estimation compared with EWMA. However, GARCH method involves estimation of significant amount of parameters. This could lead to estimation error and instability of VAR-COV matrix. EWMA-based models are free from this drawback. That is why more precise VaR measures could be obtained knowing optimal decay factor with the help of EWMA (due to its relative simplicity). 

3.3 HS VaR model

Hendricks (1996) mentions that HS, in contrast to LN model, does not require estimation of risk factor distribution parameters, assumes that risk factors volatility is constant over time and measures VaR directly from the data. Prediction of VaR with the help of HS involves five main steps:
Step1: relative changes of the given risk factor are calculated for the each day included into observation period:
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Where: rt – risk factor value at day t

           N – the holding period

Step2: Each relative change of the risk factor is added to its current value. In such a way  N-1  possible future values of given risk factor are obtained:
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Step3: “Scenarios” (possible future market values of the portfolio position) are determined taking into account possible future values of the risk factor (this process is also called “simulation”). In the case of portfolio consisted of positions in FOREX
: 
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Where: VUAHN+1, t – possible future position value in local currency

VFOREXN – current position value in foreign currency

rN+1,t – possible future risk factor value 

Step4: Future values of the portfolio position are rearranged in the descending   

          order.
Step5: The  VaR of the portfolio position is determined as follows
 :
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Where: C – confidence level

            N – the holding period

Note that HS estimation depends on the length of lookback window. The longer sample period worsens the ability of this model to account for changing risk factors volatility.

3.4 BRW and HW  hybrid models

The Hybrid models are designed in order to improve existing basic VaR models and create estimation technique which captures the best from different approaches. 

BRW model

According to Boudoukh, et al. (1997), BRW is a hybrid approach which combines features of HS and EWMA models. While HS gives equal weights to each observation BRW model takes into account changing over time risk factors volatility by weighting historical data exponentially so that more weight is put on the resent observations:
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Where: ∆rt* - exponentially weighted relative changes of risk factor
            ∆rt – unweighted relative changes relative changes of risk factor
Then steps 2-5 are performed as in the HS.

HW model

The hybrid approach proposed by Hull and White (1998) involves the weighting of historical data by the ratio of current and historical risk factor volatilities, which are estimated using EWMA model and, therefore, takes into account volatility changes experienced during the period covered by the historical data:
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Where: ∆rt* - exponentially weighted relative changes of risk factor
            ∆rt – unweighted relative changes of risk factor
            σN – the EWMA estimate of risk factor st. dev. using all data available

                   before the current date

            σt – the EWMA estimate of risk factor st. dev. using all data available                   

                   before the day t

Then steps 2-5  are performed as in the HS , that is appropriate percentile of weighted distribution is found as in the HS model (for example, 1% VaR when holding period equals 250 days is identified as the second or third lowest observation in the HS approach. It may be higher or lower observation in the hybrid approaches). 

So, in HW model observations are weighted by the ratio of current volatility and volatility at the time of observation. For example, if current volatility is 1,5% and 3 months ago it was 1% and the observed relative change in risk factor was 1,6% then the adjusted value becomes 
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The volatility of weighted historical data is approximately constant over time. Therefore, HS model can be improved by taking into account changes into risk factor volatility during the holding period. 

Note, if portfolio consists of several positions, then for each 
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   portfolios are at first aggregated and after that are weighted by the ratio of current and historical portfolio standard deviations
. Therefore, formula (3.14.1) transforms into (3.14.2): 
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Where: ∆rpt* - weighted relative changes of returns on a portfolio

            ∆rpt – unweighted relative changes of returns on a portfolio 

            σpN – the EWMA estimate of portfolio st. dev. using all data available

                   before the current date

            σpt – the EWMA estimate of portfolio st. dev. using all data available

                   before the day t

It needs to be pointed out that practical implementations of hybrid models do not involve computational complexity. However, application of HW model requires that longer time series of risk factors are available.

3.5 Aggregation approaches

So far we discussed only how to estimate stand-alone VaR s that is VaR of a single portfolio position when the rest of the portfolio is totally ignored. 

In order to calculate VaR for the whole portfolio the risk-manager should apply certain aggregation technique. According to Allan (2004) the simplest aggregation approach is just to add all VaR measures of separate portfolio positions. From a theoretical point of view it is correct only when all positions are perfectly positively correlated. In practice it is often not the case and if financial instruments are assumed to be normally distributed, the aggregate VaR can be calculated using risk factors Correlation or Variance-Covariance matrices, the coefficients of which are estimated again with the help of MA, EWMA or GARCH techniques.
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Where: ΣCOR – risk factors correlation matrix

For the case of  LN model (3.14) can be written as:
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Where: Σvar/cov – risk factors Variance-Covariance  matrix

            V – vector of portfolio positions

            N – the holding period

            Zc – the quantile of normal distribution at c% confidence level
This kind of aggregation takes into account the level of portfolio diversification and does not overestimate risk in contrast to simple “undiversified” measure. 

But what if financial instruments are assumed to be non-normally distributed? Zask (1999) suggests that then it is not theoretically justifiable to use VAR-COV matrix for risk aggregation.  The other appealing methodology can be applied in this case, the main idea of which is that at first distributional parameters of the aggregated portfolio are found and only then VaR number is calculated using HS model.
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Where:  Σvar/cov – risk factors Variance-Covariance  matrix

             w – vector of portfolio weights

In case when the number of portfolio positions is very large even LN model can be applied after portfolio is aggregated since according to “The strong law of large numbers” the distribution of the whole portfolio converges to the normal.   Then :
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Where: V – current market portfolio value
            σp – st. dev. of a portfolio

Note, that (3.18) is equivalent to (3.15). That is while calculating aggregate VaR with the help of LN model there is no difference whether to first find st. dev. of the whole portfolio and then estimate VaR or first calculate stand-alone VaRs of positions and then aggregate them into the whole portfolio VaR using Var-Cov matrix.

3.6 Back-testing

Back-testing is used to verify consistency of a given VaR model with actual losses. Requiring significantly long sampling period it is carried out only monthly or even quarterly. The main idea of the Back-testing is that outcomes predicted by the model are compared with actual trading results. The day when realized losses fall below the VaR estimation is known as “exception”. 
The  following statistic is used to check the adequacy of the VaR model:
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Where: p – actual proportion of exceptions

            P0 – predicted proportion of exceptions

            N – the holding period

Hypothesizes which are tested:

H0: p0 = p (the model is adequate )

H1: p0 ≠ p (the model should be reconstructed)

Rule: Accept H0 if |T|≤Zc
Where: Zc – critical value of Normal distribution correspondent to C% conf.   

level.

The model should be reconstructed
 if it underestimates risk that is if it constantly predicts losses which are less than realized decline in the portfolio value. Also note, that model which estimates VaR at x% confidence level predicts (1-x)% of exceptions (Zask, 1999). 

3.7 VaR contributions

Allan (2004) shows that VaR Contribution (VaRC) provides a measure of risk for each individual portfolio position that takes into account correlations between risk factors. VaRCs are calculated so that the sum of VaRCs for all positions equals the VaR of the whole portfolio.  

Calculation of VaRC for Log-Normal model:

Let us consider a portfolio exposed to two sources of risk, A and B. Then using (3.17) and (3.18):
[image: image64.wmf]å

å

=

=

-

-

×

+

D

×

+

=

p

i

q

j

j

t

j

i

t

i

t

r

1

1

2

2

s

b

a

a

s



(3.20)
Where:
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                                          - average correlation between risk factor A and       

                                                 the rest of the portfolio   [image: image66.wmf]å
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                                                 the rest of the portfolio
In the case when portfolio is exposed to N sources of   risk. Using (3.16):
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Where:
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Calculation of VaRC for HS model:

For HS method VaRCs can be calculated by examining (1-C)N worst case scenarios
 for each portfolio position. These are scenarios when losses are predicted to be greater than VaR, since as was previously stated by (3.12):  
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Where: C – confidence level

            N – the holding period

Then VaR contribution of the position j can be determined  by (3.22) as:
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Where: Losspositionj – sum of losses on the positionj , where each loss exceeds               

           stand-alone VaR of this position

            Lossportfolio  – sum of losses on the portfolio, where each loss exceeds 

VaR of a  portfolio

Lossipositionj – loss on the position j in the scenario i

Lossiportfolio – loss on the portfolio in the scenario i

VNpositionj – current value of the position j

VNpositionj – current value of the portfolio

Vipositionj – value of the position j in the scenario i

Viportfolio– value of a portfolio in the scenario i

So, VaR is the possible greatest decline of the portfolio value experienced by the bank over given period of time and at a certain probability level. 

In my research I estimate exchange rate risk for one of the top Ukrainian banks. As estimation techniques I apply following VaR models:

· MA and EWMA based LN models. Risk factors volatilities are predicted by EWMA. Aggregate VaR is calculated using VAR-COV matrix.

· HS model (applied after portfolio is aggregated). 

· HW model. Aggregate VaR is calculated using VAR-COV matrix  

· BRW model. Aggregate VaR is calculated using VAR-COV matrix  

Models are compared with the help of Back-testing. 

First I estimate volatilities of exchange rates and correlations among them using MA and EWMA models. Second I calculate VaR of single portfolio positions (stand alone VaRs) applying HS, MA and EWMA-based LN, HW and BRW models. Third I estimate aggregate VaR of the whole portfolio using VAR-COV matrix and after that calculate VaR contributions of each risk factor. Then I verify the accuracy of the models with the help of Back-testing and give recommendations concerning which models should be used in the bank for calculation capital reserve requirements. 
Chapter 4

                             DATA DESCRIPTION
Data examined in this research includes USD/UAH, EUR/UAH, GBP/UAH, RUB/UAH
 daily interbank exchange rates collected from www.finance.com.ua and portfolio open positions denominated in these foreign currencies obtained directly from one of the Ukrainian banks. All data analyzed is denominated in UAH as in the base currency. 
Time period which is analyzed is from 6/1/2005 to 29/12/2007 (includes 750 observations) for exchange rates and from 30/12/2006 to 29/12/2007 for open positions (includes 250 observations). 
The descriptive statistics of the risk factors is presented into Table 4.1 and Figures B1-B4 in the Appendix B present the dynamics of exchange rates during examined period.
Table 4.1 Descriptive statistics of the risk factors

	Risk factor
	min
	max
	st. dev.
	average
	# of obs.

	UAH/EUR
	5.89184
	7.51137
	0.39551
	6.53690
	750

	UAH/GBP
	8.63070
	10.63746
	0.52884
	9.57014
	750

	UAH/RUB
	0.17415
	0.20812
	0.00878
	0.18821
	750

	UAH/USD

	4.93000
	5.32000
	0.09960
	5.08090
	750


Estimation of VaR for the bank’s portfolio requires the time series of risk factors to be stationary that is to have distribution which is stable over time. According to Dickey-Fuller test for unit root (see table B.1 in Appendix B) all four series of exchange rates are non-stationary at 1% confidence level. However, relative changes of exchange rates are stationary at 1% confidence level and, therefore, they will be used for the calculation of the exchange rate risk. Note, that from theoretical point of view HS and LN(MA) models assume that volatilities of risk factors are constant over time. In addition, both LN(MA) and LN(EWMA) models rely on the assumption of normality of risk factors. However, as can be seen from the graphs B.9-B.12 in Appendix B volatilities of relative changes of risk factors seem to vary over time. Moreover, Jarque-Bera test shows that all relative changes of risk factors are non-normally distributed (Figures B.17-B.20). Therefore, the results of HS, LN(MA) and LN(EWMA) models have to be treated with caution as these models seem to be mis-specified. On the other hand, hybrid models do not rely on any of these assumptions and, therefore, their application seems to be better justified for the theoretical point of view.

The descriptive statistics of relative changes of risk factors is presented in Table 4.2 and Figures B.5-B.8 in the Appendix B present the dynamics of relative changes of exchange rates during examined period.

Table 4.2 Descriptive statistics of relative changes of the risk factors
	Daily relative changes in risk factors
	min
	max
	St.dev
	average
	# of obs.

	UAH/EUR
	-0.02301
	0.02467
	0.00495
	0.00009
	749

	UAH/GBP
	-0.02387
	0.01946
	0.00482
	0.00003
	749

	UAH/RUB
	-0.02594
	0.01054
	0.00242
	0.00010
	749

	UAH/USD
	-0.02697
	0.05158
	0.00307
	-0.00006
	749


As could be seen from the descriptive statistic, relative changes in  UAH/RUB exchange rate has the smallest volatility (0.00242 UAH), the second smallest volatility has UAH/USD (0.00307 UAH) whereas volatilities of relative changes in UAH/EUR and UAH/RUB are rather similar and higher (0.00495 and 0.00482 UAH). 
The descriptive statistic of the open positions denominated in UAH is presented in the Table 4.3 and Figures B.5-B.8 in the Appendix B present the dynamics of open positions during examined period.

Table 4.3 Descriptive statistic of the open positions

	Position in
	min
	max
	st. dev.
	average
	# of obs.

	EUR
	-42,815,992
	15,086,289
	5,092,653
	-207,825
	250

	GBP
	-8,539,423
	9,123,619
	2,506,138
	1,334,851
	250

	RUB
	-19,985,051
	17,672,263
	3,665,067
	1,085,325
	250

	USD
	-60,584,850
	86,561,275
	29,295,558
	11,579,277
	250


As could be seen from the descriptive statistic, the highest open position on the average is in USD (11,579,277 UAH), then comes GBP (1,334,851 UAH) and RUB (1,085,325 UAH). Also, on the average, bank prefers to have short position in EUR (-207,825 UAH). That is position in USD is on average 9 times higher than in GBP, 11 times than in RUB and 55 times than absolute position in EUR.
The highest volatility has also position in USD (29,295,558 UAH) compared with 5,092,653 UAH (EUR), 3,665,067 UAH (RUB) and 2,506,138 UAH (GBP). Moreover, during 2007 year bank mostly prefers to hold not short but long positions in USD. 
The conclusion can be made that for the given bank USD is the most attractive currency to hold. Then come GBP and RUB, whereas position in EUR is on average lower.   
Chapter 5
estimated results

In my research I calculate exchange rate risk exposure for one of the Ukrainian banks. Data consists of bank’s open positions in EUR, USD, RUB, GBP for the period from 30/12/2006 to 29/12/2007 and corresponding exchange rates for the period from 6/1/2005 to 29/12/2007. The VaR is calculated for 95% and 99% confidence levels. Sampling period equals 250 days. Bank’s open positions in FOREX are changed on the daily basis therefore time horizon is set at 1 day. I estimate exchange rate risk of positions separately, aggregate VaR and VaR contributions of each position with the help of five different methods: LN(MA), LN(EWMA), HS(MA), BRW, HW. Methods are compared with the help of Back-testing which is performed for the whole holding period. Best models, which estimate VaR more accurately than other models will be recommended for calculation of the CA ratio.

The VaR calculations are typically run by banks daily. Ideally, at the beginning of the day bank’s managers receive Market-Risk report showing the current position of the bank, possible losses in the coming day, and the main causes of such losses. Based on this report risk managers act to reduce or hedge positions that are considered to be too dangerous.

The bank’s portfolio consists of open positions in USD, EUR, RUB and GBP. Exchange rate VaR is predicted for the 30th December of 2007.

Figure 5.1 Portfolio positions for the 29th of December 2007
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As can be seen from the graph above, for the 29th of December 2007 the largest is the position in USD (33,642,607 UAH) and the lowest is the position in EUR 

(-789,767 UAH).
5.1 Comparison of models and exchange rate risk estimation at 95% confidence level

· Back-testing.

The conclusion about accuracy of the models and the choice of the best models are based on the Back-testing results. For each day of the holding period VaRs calculated by five methods are compared with bank’s actual losses which are due to exchange rate risk. 

Model is adequate if proportion of exceptions are approximately equal the expected proportion of exceptions correspondent to given confidence level. In other words the absolute value of Binomial test statistic must be less or equal its critical value. For the case of 95% confidence level and 250 days holding period expected number of exceptions equals 12-13 (5% of holding period) and critical value of Binomial test statistic equals 1.65.         

Table 5.1 shows Back-testing results for each model and Figures C1-C5 in the Appendix C present the results of Back-testing graphically.

Table 5.1 Back-Testing results at 95% conf. level


	
	Back-testing, 95% conf. level
	 

	Model
	LN, MA
	HS
	LN, EWMA
	BRW 
	HW 
	expected
	Critical

	
	
	
	
	
	
	
	value

	Number of exceptions
	18
	13
	16
	12
	14
	12-13
	19

	as % of holding period
	7.2%
	5.0%
	6.4%
	5.0%
	5.6%
	5.0%
	7.3%

	Binomial test statistic
	1.60
	 0.00
	1.02 
	 0.00
	0.44 
	0.00
	1.65


HS and BRW models measure risk most accurately (absolute values of Binomial test statistic equal to zero and number of exceptions equal predicted number of exceptions). Three other models, that is LN(MA), LN(EWMA) and HW show poorer performance (for each model values of Binomial test statistic are more than zero and number of exceptions are greater than expected number under 95% confidence level). Nevertheless, all five models yield appropriate results (values of Binomial test statistic are less than its critical value).
· Calculation of VaR

Let us now look at the results of VaR estimations for the case of all 5 models. VaR numbers are calculated using 95% confidence level and observation period of 250 days, for a one-day holding period.  

Tables 5.2-5.6 show the estimated aggregate VaR of the whole portfolio, stand alone VaRs and VaR contributions of open positions in FOREX: 
Table 5.2 VaR calculated by the HS model at 95% conf. level

	 
	Historical Simulation

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-5,509
	-2,972

	GBP
	-18,033
	-13,376

	RUB
	-12,952
	-3,190

	USD
	-94,920
	-82,809

	Total
	 
	-102,347

	Conf. level
	95%
	 


Table 5.3 VaR calculated by the BRW model at 95% conf. level

	 
	BRW model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-7,822
	-6,070

	GBP
	-19,234
	-10,642

	RUB
	-14,723
	-10,632

	USD
	-99,638
	-95,852

	Total
	 
	-123,196

	Conf. level
	95%
	 

	Lambda
	0,97
	 


Table 5.4 VaR calculated by the LN(MA) model at 95% conf. level

	 
	Log-Normal (MA) model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-5,537
	-3,554

	GBP
	-17,485
	-10,294

	RUB
	-12,165
	-7,077

	USD
	-88,779
	-92,723

	Total
	 
	-106,572

	Conf. level
	95%
	 


Table 5.5 VaR calculated by the LN(EWMA) model at 95% conf. level

	 
	Log-Normal (EWMA) model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-7,475
	-5,554

	GBP
	-19,470
	-10,313

	RUB
	-14,435
	-9,911

	USD
	-106,429
	-102,740

	Total
	 
	-128,518

	Conf. level
	95%
	 

	Lambda
	0,95
	 


Table 5.6 VaR calculated by the HW model at 95% conf. level

	 
	HW model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-8,088
	-6,517

	GBP
	-18,889
	-11,137

	RUB
	-14,821
	-11,161

	USD
	-92,150
	-88,386

	Total
	 
	-117,201

	Conf. level
	95%
	 

	Lambda
	0,94
	 


All models yield rather similar results, that is why let us consider only results obtained by the most accurate BRW model. 

Total VaR is the aggregate VaR of the portfolio as a whole.

According to this model, with probability 95% bank holding the portfolio of foreign currencies during 1 day time-horizon is exposed to the loss of 123,196 UAH.

The Stand-Alone VaR for each position is the VaR that the portfolio would have if we ignore all other positions. 

Figure 5.2 Stand-Alone VaRs calculated by the  BRW model at 95% conf. level
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The largest Stand-Alone VaR has the position in USD (99,638 UAH), the lowest – position in EUR (10,821 UAH).

Note, that because of non-perfect correlation between exchange rates, aggregate VaR of the whole portfolio (123,196 UAH) is smaller than the sum of stand-alone VaRs of portfolio positions (203,235 UAH). Therefore holding well-diversified portfolio reduces risk exposure of the bank.  
The VaR Contribution (VaRC) provides a measure of risk for each individual portfolio position that takes into account correlations between risk factors. VaRCs are calculated so that the sum of VaRCs for all positions equals the VaR of the whole portfolio.  
 Figure 5.3 VaR Contributions calculated by the BRW model at 95% conf. level
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The least risky is the position in EUR with the smallest possible loss of 6,070 UAH (results in 5% of exchange rate risk). The biggest amount of capital under the risk is in USD position (95,852 UAH) which causes 77% of exchange rate risk. Bank’s managers should be cautious about increasing USD position. Moreover, to decrease the amount of aggregate VaR, bank should decrease its open position in USD and increase its open position in EUR. 

5.2 Comparison of models and exchange rate risk estimation at 99% confidence level
· Back testing

Table 5.7 shows Back-testing results for each model and Figures C6-C10 in the Appendix C present the results of Back-testing graphically.

Table 5.7 Back-Testing results at 99% conf. level

	 
	Back-testing, 99% conf. level
	 

	Model
	LN, MA
	HS
	LN, EWMA
	BRW 
	HW 
	expected
	Critical

	
	
	
	
	
	
	
	value

	Number of exceptions
	10
	5
	6
	5
	3
	2-3
	7

	as % of holding period
	4.00%
	2.00%
	2.40%
	2.00%
	1.20%
	1.00%
	2.46%

	Binomial test statistic
	4.76
	1.59
	2.22
	1.59
	0.00
	0.00
	2.33


According to Basel Committee, for 250 days holding period  and  99% confidence level it is required  to have no more than 7 exceptions. The most secure result is given by HW model. HS model provides worse predictions. LN(EWMA) model is even less accurate resulted in higher number of exceptions (though approximately it yields the same level of precision as HS and BRW, that is around  2% of exceptions). LN(MA) model is inconsistent with actual losses (value of Binomial test statistic is higher than its critical value).  

· Calculation of VaR

Let us recalculate VaR limit with 99% one side confidence limit.

Tables 5.8-5.11 represent the estimated VaR by four different models.

Table 5.8 VaR calculated by the HS model at 99% conf. level

	 
	Historical Simulation

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-9,158
	-4,359

	GBP
	-31,786
	-15,444

	RUB
	-17,282
	-4,478

	USD
	-165,626
	-139,182

	Total
	 
	-163,463

	Conf. level
	99%
	 


Table 5.9 VaR calculated by the LN(EWMA) model at 99% conf. level

	 
	Log-Normal(EWMA) model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-10,426
	-7,723

	GBP
	-27,625
	-14,563

	RUB
	-20,021
	-13,692

	USD
	-153,252
	-148,100

	Total
	 
	-184,078

	Conf. level
	99%
	 

	Lambda
	0,95
	 


Table 5.10 VaR calculated by the BRW model at 99% conf. level

	 
	BRW model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-9,777
	-6,926

	GBP
	-26,580
	-14,384

	RUB
	-18,282
	-13,179

	USD
	-137,212
	-134,768

	Total
	 
	-169,257

	Conf. level
	99%
	 

	Lambda
	0,97
	 


Table 5.11 VaR calculated by the HW model at 99% conf. level

	 
	HW model

	Currency
	Stand-alone VaR, UAH
	VaR contribution, UAH

	EUR
	-10,821
	-7,776

	GBP
	-26,986
	-14,864

	RUB
	-18,466
	-13,837

	USD
	-146,962
	-142,468

	Total
	 
	-178,945

	Conf. level
	99%
	 

	Lambda
	0,94
	 


The results of four different models match reasonable well, so let us consider the results obtained only by the most precise HW model. 
Total VaR : According to this model, with probability 99% bank holding the portfolio of foreign currencies during 1 day time-horizon is exposed to the loss of 178,945 UAH. 

The Stand-Alone VaRs :
Figure 5.4 Stand-Alone VaRs calculated by the HW model at 99 conf. level
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Position in USD has the largest Stand-Alone VaR which amounts to 146,962 UAH. The lowest Stand-Alone VaR has the position in EUR (10,821 UAH).
The VaR Contributions:
Figure 5.5 VaR Contributions calculated by the HW model at 99 % conf. level
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The least risky is the position in EUR with the smallest possible loss of 7,776 UAH. The biggest amount of capital under the risk is in USD position (142,468UAH) which causes 80% of the exchange risk. 

5.3 Calculation of reserve requirements

Capital reserve requirement – is an amount of capital which must be reserved by the bank in order to be prepared for adverse risk factors movements. Basel Committee requires any bank that is willing to operate on the international level to hold minimum level of capital reserve which covers market risk and therefore is 3-4 times higher than previous day’s VaR. If model applied to predict VaR assesses risk accurately (Binomial test statistic is exactly zero and real proportion of exceptions equals expected proportion of exceptions) then capital reserve is set at the lowest possible level that is calculated as 3 multiplied by VaR. From the other hand, the highest level of capital reserve is defined as 4 multiplied by VaR if Binomial test statistic equals its critical value. 

Since there is no interest paid on reserve capital, risk managers are inclined to choose the VaR model among those which pass through Back-testing that predicts the lowest VaR number. In our case, according to Back-testing results, for the 95% confidence level the most precise methods are HS and BRW. VaR estimated by HS model predicts lower level of risk than BRW model. Therefore this model should be used to calculate capital reserve requirement for the next day (the 30th of December 2007) which covers exchange rate risk:
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Note, that previous day’s VaR is multiplied by 3 since BRW model provides the highest possible precision.

For the 99% confidence level the most accurate method is HW that yields highly accurate results and therefore previous day’s VaR is again multiplied by 3.  So, in this case capital reserve requirement equals to:


[image: image9.wmf]UAH

VaR

t

requiremen

serve

HW

HW

835

,

536

945

,

178

*

3

*

3

_

Re

%

99

%

99

=

=

=


So, as in Hull and White (1998) and Boudoukh, et. al.(1997) the hybrid models appear to yield superior or as precise results as basic models. This paper also provides evidences that HS non-parametric model gives more secure results than LN parametric model supporting the findings of Kravets (2006). 

According to the Back-testing criteria, for both 95% and 99% confidence levels hybrid BRW and HW models give highly accurate estimates of VaR. Also HS model provides precise predictions of future losses. LN(EWMA) and LN(MA) models give less secure results (LN(MA) model is even inconsistent with actual losses for the case of 99% conf. level). 

In general empirical results justify prior theoretical assumptions concerning the accuracy of basic and hybrid models. Hybrid models are based on the HS model and therefore do not rely on the assumption of the normality. But in the contrast to HS model, hybrid models account for changes in risk factors volatilities over holding period by applying different weighting schemes to the past data. HW hybrid model puts exponentially declined weights to the historical data as in the LN(EWMA) model and BRW hybrid model uses more direct approach which involves scaling of observations by the ratio of current and historical volatilities. So, the hybrid models combine some of the benefits of basic VaR techniques and therefore, during changing macroeconomic conditions and when there is high probability that exchange rates are non-normally distributed, hybrid models provide higher precision than basic models. However, regarding the bank under consideration there is no significantly high difference between the performance of hybrid and basic models (especially for the 95% conf. level).

Basel Committee allows each bank to choose for estimation of capital reserves any model which passes the Back-testing successfully. It is recommended for the given Ukrainian bank to use for reporting to external authorities and managing exchange rate risk the most precise models, that is HS or BRW models (when calculating VaR at 95% confidence level) and HW model (for 99% confidence level). Basic LN(MA), LN(EWMA) and HS models yield rather precise estimations of VaR regardless of violation of the underlying assumptions about constant volatility of risk factors (in the case of LN(MA) and HS models) and normality of risk factors (in the case of LN(MA) and LM(EWMA) models). One of the possible explanations could be that there were no large market shocks during the estimation period. It is recommended to carry out Back-testing each time before estimation of VaR in order to verify the adequacy of all models and choose the most precise one. 
In order to minimize the probability of bankruptcy the bank must reserve 369,588 UAH (0.16% of total capital) and 536,825 UAH (0.24% of total capital)  to cover exchange rate risk with 95% and 99% confidence levels correspondently. Note that the available capital is in excess of the required reserves. However, the exchange rate risk is only the part of the market risk which includes also interest rate and equity risk
. Therefore total capital reserves which should be held by the bank to cover market risk is higher than 369,588 UAH and 536,825 UAH at 95% and 99% conf.  levels correspondently. 

Bank’s portfolio position in USD causes 77% (80%), in GBP 9%(8%), in EUR 9%(8%), in RUB 5%(4%) of exchange rate risk for 95%(99%) confidence levels. Therefore it is dangerous to increase USD position and in order to reduce total VaR and capital reserves, the bank should decrease its open position in USD and increase its open position in EUR.

Also it needs to be pointed out that without additional research any conclusions regarding the best choice of VaR models can be made for other banks. Risk managers of any bank should individually decide on which VaR technique to apply based on structure of bank’s portfolio, other specific characteristics of bank’s operation and of course taking into account the Back-testing criteria.

Chapter 6

conclusions

This paper is dedicated to the estimation of exchange rate risk of a large Ukrainian bank and comparison of alternative VaR approaches. Nowadays, VaR technique is widely promoted by Basel Committee and is increasingly employed by major banks for the estimation of market risk and calculation of capital reserve requirements. There are a number of alternative VaR models and risk-managers are free to choose any approach which complies with Back-testing criteria. The application of highly precise VaR model is a question of great importance since consistent underestimation of losses by the model increases the probability of bank’s insolvency.

This study with the help of Basel Back-testing criteria compares the empirical performance of three base VaR approaches (LN(MA), LN(EWMA), HS) and two advanced VaR hybrid models (BRW, HW).  Whereas hybrid approaches have been extensively tested for developed countries, not enough studies are done for emerging markets yet and this research is the first application of hybrid models for the case of Ukraine.

The main conclusions emerged from this empirical study are as follows. 

All five VaR models except of LN(MA) model at 99% confidence level pass Back-testing successfully and therefore can be used in the bank. However, it is recommended for the given Ukrainian bank for calculation of exchange rate risk to apply models that perform exceedingly well that is BRW model or equally precise HS model at 95% confidence level and HW model which is superior to other approaches at 99% confidence level. LN model assumes normality of risk factor distribution and HS implies that risk factor volatility is constant over time. Both these assumptions are violated for Ukrainian emerging market. Alternative HW and BRW hybrid  models perform as well as or outperform LN and HS models since they combine the best features of base models and are specially designed to calculate VaR under conditions of changing macroeconomic environment and when risk factors are assumed to have non-normal distributions.
This study also found that in order to cover exchange rate risk for the 30th of December 2007 the bank must reserve 369,588 UAH (0.16% of total capital) and 536,825 UAH (0.24% of total capital) at 95% and 99% confidence levels correspondently. Though the available capital is in excess of the required reserves, total reserves held by the bank should also cover interest rate and equity risks. Empirical results demonstrated that bank open position in USD causes around 80% and in RUB only approximately 5% of exchange rate risk. Therefore the bank is recommended not to increase its USD position but to decrease it as well as increase its position in RUB in order to reduce exchange rate risk exposure and correspondent capital reserves. 

So, this paper shows that VaR tools can be applied not only for stable but also for emerging economies with unstable market conditions. Researches similar to this one could be implemented in all major Ukrainian banks and also for interest rate and equity risks in order to verify whether hybrid models are superior to basic models. Moreover, other possible fields of future research could be the application of more statistical tools to check the accuracy of VaR models (such as Mean Relative Bias, Root Mean Relative Bias, Likelihood Ratio Test and others) and the performance of stress testing in order to predict amount of losses in the tails of distributions. 
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Appendices

APPENDIX A
Ukrainian macroeconomic and banking environment

The level of market risk exposure of any bank depends greatly from the macroeconomic environment in which bank operates. The main trends of Ukrainian macroeconomic development during 1999-2007 are analyzed in the rest of the section.

Ukrainian GDP during the period from 1999 till 2004 increased by more than 50%. The main reasons for this economic upsurge were improvement of the performance of industrial sectors and expansion of the financial sector. In addition increase of world steel price in 2003-2004 accompanied by a dollar depreciation boost Ukrainian export.

However, in 2005 the real GDP growth fell to only 3% from 12% in 2004. This slowdown was a result of UAH revaluation and decrease of world prices for metals which led to decrease of Ukrainian export. Moreover, the rise of energy prices and overall political instability resulted in investment and industrial growth deceleration.

Budgets of 2005-2007 were consumption oriented. Already in 2005 Public expenditures reached 44% of GDP. Government adopted populist public policy each time the elections took place. Higher social spending, minimum wage and pensions resulted in personal income growth and therefore in domestic demand expansion, which eventually bring in sharp price increase. Moreover, high public expenditures crowds out productive investment and deters future economic growth
.

In order to boost economic growth, NBU carried out money supply expansion by means of reserve requirements and refinancing rate reduction (from 12% to 9%). At the same time financial liberalization took place which means that banks and other non-financial organizations were allowed to borrow from foreign investors
. The response was quick. As of 01.07.2007
 external debt of banking expanded to 25 712 USD bn
 from 14 089 at the beginning of the year. Accompanied by external indebtedness of government and private sector the total external debt of Ukraine grew from 54 547 to 74 333 in dec) USD bn
 .

Commercial bank credits in foreign currency grew at 97.4% yoy
 in the second quarter of 2007. Borrowing from abroad under low interest rate Ukrainian banks started to issue cheep consumer credits and mortgage loans. This led not only to credit boom and inflation acceleration but also to deposit boom, since banks now urgently need free monetary recourses to pay back short-term international debts.

High external indebtedness of the banking sector makes the whole financial system extremely vulnerable to external shocks and increases its exposure to the foreign exchange rate risk. After paying off old debts Ukrainian banks immediately borrow again but this time under less favorable conditions
.

The situation in the overheated housing market is really alarming. Speculative high housing prices are not backed up by real assets and are incomparable with wage level. Demand for housing is fostered by the availability of cheap mortgage loans and, moreover, is not accompanied by construction boom. Possible inability of Ukrainian citizens to pay back mortgage loans could bring in mass banks failures
.

In this year Ukraine experienced external shock in terms of worldwide food shortages. Expansion of world food demand led to higher world and Ukrainian prices. Moreover, it is expected that world food prices will continue to grow thus resulting in even worsen high inflation pressure in Ukraine unless its agriculture sector is restructured and becomes less vulnerable to world price fluctuations.

National currency is pegged to the US dollar by the NBU. From the one hand this, especially at the time of dollar depreciation after US mortgage collapse, boosts Ukrainian export. From the other hand, foreign capital inflow followed by accumulation of international reserves results in excess of monetary liquidity and again in inflation acceleration.

Thus inflation acceleration in the third quarter of 2007 causes deep anxiety.

Measured by CPI growth it increased from 9.5% yoy in February to 14.4% yoy in September. Among demand-side and supply side factors of rising inflation are: Populist government public policy, Credit boom, Exchange rate policy and strong foreign capital inflow, World food price increase, Gas price increase, Poor harvest in Ukraine
.

What overall conclusions can be made concerning the current macroeconomic situation in Ukraine? From the one hand during the first three quarters the real GDP increased by 7.3% yoy, which indicates steady economic growth. But, from the other hand, Ukrainian apparently fell into the vicious circle. Loosen monetary policy and financial liberalization brought in credit boom which accompanied by high public spending resulted in excess monetary liquidity and expansion of domestic demand which in the theory should lead to growth of Ukrainian economy. But in fact Ukrainians mainly buy goods, imported from abroad, since there is undersupply of goods produced domestically. In short Ukrainian borrows from foreign investors in order to buy foreign goods. Eventually it can end up with substantial external debt but mere growth in production.

So in the last several years Ukrainian experienced both large external shocks

(US mortgage collapse, worldwide food shortage) and substantial negative changes in macroeconomic situation (sharp increase of inflation and external indebtedness, credit boom and “housing bubble”). What will be the future of Ukraine? What is the probability of emergency situations including currency and banking crises taking place in the nearest future? There is no evident answer. Nevertheless, what is clear is that Ukrainian banks incur now a risk of default which is far more higher than several years ago. That is why usage of advanced risk management tools becomes more required today than ever before. In my research I apply VaR technology for calculation of exchange rate risk faced by the bank, which is among top 10 banks of Ukraine. For this purpose I apply different methodologies, including two hybrid models. Measuring risk with the help of these models implies changing macroeconomic situation, when future is influenced by recent history rather than by distant past. It is exactly the situation which takes place in Ukraine now.
Appendix B

Figure B1. The dynamics of exchange rate UAH/USD
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Figure B2. The dynamics of exchange rate UAH/EUR
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Figure B3. The dynamics of exchange rate UAH/GBP
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Figure B4. The dynamics of exchange rate UAH/RUB
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Figure B5. The dynamics of relative changes of exchange rate UAH/EUR
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Figure B6. The dynamics of relative changes of exchange rate UAH/USD
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Figure B7. The dynamics of relative changes of exchange rate UAH/RUB
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Figure B8. The dynamics of relative changes of exchange rate UAH/GBP
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Figure B9. The dynamics of volatility of relative changes of UAH/EUR exchange rate
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Figure B10. The dynamics of volatility of relative changes of UAH/GBP exchange rate
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Figure B11. The dynamics of volatility of relative changes of UAH/RUB exchange rate
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Figure B12. The dynamics of volatility of relative changes of UAH/USD exchange rate
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Figure B13. The dynamics of open position in RUB
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Figure B14. The dynamics of open position in GBP
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Figure B15. The dynamics of open position in USD
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Figure B16. The dynamics of open position in EUR
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Figure B17. Normality of distribution of UAH/GBP Exchange rate
[image: image26.wmf]0

40

80

120

160

200

-0.02

-0.01

0.00

0.01

0.02

Series: GBP

Sample 1 742

Observations 742

Mean      

 3.01E-05

Median  

 0.000000

Maximum 

 0.019500

Minimum 

-0.023900

Std. Dev.  

 0.004817

Skewness  

 0.068577

Kurtosis  

 4.437623

Jarque-Bera

 64.47889

Probability

 0.000000


Figure B18. Normality of distribution of UAH/EUR Exchange rate
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Figure B19. Normality of Distribution of UAH/USD Exchange rate
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Figure B20. Normality of distribution of UAH/RUB Exchange rate 
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Appendix C
Figure C1. Back-testing, LN(MA) model at 95% conf. level
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Figure C2. Back-testing, HS model at 95% conf. level
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Figure C3. Back-testing, LN(EWMA) model at 95% conf. level
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Figure C4. Back-testing, BRW model at 95% conf. level
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Figure C5. Back-testing, HW model at 95% conf. level
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Figure C6. Back-testing, LN(MA) model at 99% conf. level
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Figure C7. Back-testing, HS model at 99% conf. level
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Figure C8. Back-testing, LN(EWMA) model at 99% conf. level
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Figure C9. Back-testing, HW model at 99% conf. level
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Figure C10. Back-testing, BRW model at 99% conf. level
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APPENDIX  D
Dickey-Fuller test for unit root.
	. dfuller usd

Dickey-Fuller test for unit root                   Number of obs   =       249

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)             -3.395            -3.460            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0111

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          1.033               1                   0.3096

---------------------------------------------------------------------------

                        H0: no serial correlation

. dfuller eur

Dickey-Fuller test for unit root                   Number of obs   =       249

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)             -0.089            -3.460            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.9505
. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.000               1                   0.9968

---------------------------------------------------------------------------

                        H0: no serial correlation
. dfuller gbp

Dickey-Fuller test for unit root                   Number of obs   =       247

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)             -1.789            -3.461            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.3859

. durbina

Number of gaps in sample:  1

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.332               1                   0.5644

---------------------------------------------------------------------------

                        H0: no serial correlation

. dfuller rub

Dickey-Fuller test for unit root                   Number of obs   =       249

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)             -0.941            -3.460            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.7741

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.270               1                   0.6035

---------------------------------------------------------------------------

                        H0: no serial correlation

. dfuller d(usd)

Dickey-Fuller test for unit root                   Number of obs   =       248

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)            -17.435            -3.461            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0000

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |         10.071               1                   0.0015

---------------------------------------------------------------------------

                        H0: no serial correlation

. dfuller d(usd), lags(1)

Augmented Dickey-Fuller test for unit root         Number of obs   =       247

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)            -14.337            -3.461            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0000

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.418               1                   0.5181

---------------------------------------------------------------------------

                        H0: no serial correlation
. dfuller d(eur)

Dickey-Fuller test for unit root                   Number of obs   =       248

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)            -15.392            -3.461            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0000

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.026               1                   0.8723

---------------------------------------------------------------------------

                        H0: no serial correlation

. dfuller d(gbp)

Dickey-Fuller test for unit root                   Number of obs   =       245

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)            -15.199            -3.462            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0000

. durbina

Number of gaps in sample:  1

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          3.016               1                   0.0825

---------------------------------------------------------------------------

                        H0: no serial correlation

. dfuller d(gbp), lags(1)

Augmented Dickey-Fuller test for unit root         Number of obs   =       243

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)            -10.605            -3.462            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0000

. durbina

Number of gaps in sample:  1

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          1.146               1                   0.2843

---------------------------------------------------------------------------

                        H0: no serial correlation

dfuller d(rub)

Dickey-Fuller test for unit root                   Number of obs   =       248

                               ---------- Interpolated Dickey-Fuller ---------

                  Test         1% Critical       5% Critical      10% Critical

               Statistic           Value             Value             Value

------------------------------------------------------------------------------

 Z(t)            -15.230            -3.461            -2.880            -2.570

------------------------------------------------------------------------------

MacKinnon approximate p-value for Z(t) = 0.0000

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.025               1                   0.8742

---------------------------------------------------------------------------

                        H0: no serial correlation

. durbina

Durbin's alternative test for autocorrelation

---------------------------------------------------------------------------

    lags(p)  |          chi2               df                 Prob > chi2

-------------+-------------------------------------------------------------

       1     |          0.000               1                   0.9968

---------------------------------------------------------------------------

                        H0: no serial correlation
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� Diversification here means that supervisors bank holding the portfolio of not perfectly correlated positions decrease its total risk exposure 


� Constraints are given in the Chapter3  





� Detailed description of the macroeconomic situation in Ukraine is in Appendix A


�Optimal value of λ can be estimated using Maximum Likelyhood Method. This approach is not considered here due to its relative complexity. 


� Foreign exchange





� Exactly C% confidence level can be achieved by using linear interpolation between adjacent points.


� Next section is devoted to the portfolio aggregation


� Reconstruction means that length of look-back window should be changed or another method for estimation of volatility should be applied. 





� Scenarios are future values of portfolio position determined while calculating VaR using HS.  


�  Open positions in other currencies are negligibly small





� Note that whereas official USD exchange rate is fixed by NBU, the interbank USD exchange rate fluctuates. Therefore bank encounters trading losses while holding open position in USD. 





� Open position consists of spot and forward currency positions 


� Calculation of interest rate and equity risks are beyond the scope of this research


� The source of information is World Bank Report No 36671-UA “Creating Fiscal Space for Growth in Ukraine”


� The source of information is Monetary Review 2007, www.bank.gov.ua


� The date is in the format day/ month/ year


� Billion


� The source of information is � HYPERLINK "http://www.bank.gov.ua/" ��www.bank.gov.ua/� 01102007/pdf


� Year on year change


� The source of information is www.ier.kiev.ua/memu_87_jan_07_en


� The source of information is “More Stable Economic Growth Strategy Needed”, Pavlo Prokopovych, www.ukraine-observer.com/articles/229/1007


� The source of information is � HYPERLINK "http://www.ier.kiev.ua/" ��www.ier.kiev.ua/�memu_86_dec_en
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