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Abstract:
In addition to portfolio diversification, management experience, gathering information on
the borrower and other techniques, financial institutions increasingly rely on credit risk
management models to manage credit riskiness of their (loan) portfolios. Modern advanced
models apply a so-called portfolio approach. One of these cutting edge portfolio models,
McKinsey’s econometric CreditPortfolioView, takes into account risk factors which cannot be
diversified, i.e. systematic (underlying economic) factors. In this thesis we adopt a similar
strategy and apply it to the case of a particular loan portfolio in the Czech Republic. On a
simulated portfolio of major Czech companies between 1995 and 2001 we perform a panel data
analysis and investigate whether the quality of credit responded to systematic variation.
Specifically, we analyze the following question: Is the credit quality of the portfolio linked to
the Czech economy’s macro development? We find that we can indeed establish statistically
significant and clear relationship between the credit quality (measured by Standard & Poor’s
and computed credit rating) and business cycle measures, such as the GDP gap and
unemployment rate. In turn, this finding can be used in a precise determining and a severalpercent-saving on the economic capital. Conversely, no influence of, for example, government
deficit, external balance or the inflation has been detected. In addition to the main analysis,
three more areas are looked into. First, general introduction into the field of credit risk
management is provided. Second, aggregated quarterly macro-econometric model to short-term
forecast the business cycle for the purposes of the developed credit risk management model is
built and estimated on the 1994:1 2003:3 data. And third, credit risk management technique
closely related to the main analysis - stress testing is introduced and investigated on a number
of Monte Carlo (scenario) exercises.
Keywords: Business Cycles; Model Construction and Estimation; Models with Panel Data;
Monte Carlo Methods; Credit cycles; Credit Risk Management Models, NBCA.
JEL Classification: E32, G21, G12, C51, C33, C15
Abstract:
[in Czech] K řízení kreditního rizika svých (úvěrových) portfolií banky kromě diverzifikace
portfolia, zkušenosti managementu, sběru informací o žadateli o půjčku a dalších metod stále
častěji využívají modelů řízení kreditního rizika. Moderní sofistikované modely jsou
charakteristické tzv. portfolio přístupem. Jeden z těchto špičkových modelů, ekonometrický
CreditPortfolioView firmy McKinsey, bere v úvahu i nediverzifikovatelné faktory rizikovosti
portfolio, tj. systematické činitele (vlivy ekonomického prostředí). Tato práce zavádí obdobnou
strategii a aplikuje ji na vybrané úvěrové portfolio v České republice. Na případě simulovaného
portfolia předních českých společností sledovaných mezi lety 1995 a 2001 pomocí analýzy
panelových dat zkoumáme do jaké míry je úvěrová kvalita ovlivněná změnami systematických
faktorů. Konkrétně analyzujeme následující otázku. Je úvěrová kvalita portfolia ovlivněná
makroekonomickým vývojem České ekonomiky? Analýza skutečně potvrzuje, že mezi uvěrovou
kvalitou (měřeno kreditním ratingem Standard & Poor’s a dopočteným) a hospodářským
cyklem, měřeno například mezerou HDP či mírou nezaměstnanosti, existuje jednoznačný a
statisticky významný vztah. Význam tohoto poznatku leží především v přesnosti určení a
několika procentním ušetření ekonomického kapitálu. Statisticky nevýznamnými se ukázaly
být statistiky jako např. vládní deficit, vnější rovnováha nebo inflace. Kromě hlavní analýzy se
práce věnuje třem dalším oblastem. Za prvé podává všeobecný přehled oblasti kreditního rizika
a jeho řízení. Za druhé pro účely zkoumaného modelu buduje čtvrtletní agregovaný makroekonometrický model pro predikci hospodářského cyklu odhadnutý na datech 1994:4 až
2003:3. V závěru popisuje a pomocí řady Monte Carlo simulací analyzujeme techniku
managementu kreditního rizika přidruženou k hlavní analýze - stress testing.
Klíčová slova: Hospodářský cyklus; Odhadování a konstrukce modelů; Modely
s panelovými daty; Monte Carlo metody; Kreditní cykly; Řízení kreditního rizika; NBCA.
JEL klasifikace: E32, G21, G12, C51, C33, C15
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“...[M]uch more is needed in terms of risk management culture - a key area that
Western banks still have to address in Central and Eastern European markets.”
Moody’s Investors Service’s report Mutual Benefits of Foreign
Ownership of Central and East European Banks in European banks
need risk management focus in Credit Risk International Magazine
(2004). http://www.crimag.com/news/news.cfm?nID=329, 25.
March.

“Recent turmoil in the capital markets has highlighted the need for systematic
stress testing of bank’s portfolios including both their trading and lending books. …
Much less, however, is known about stress testing credit portfolios, and both
practitioners and regulators are clamoring for guidance.”
Bangia A., Francis X. Diebold, Til Schuermann (2000). Rating
Migration and the Business Cycle, With Applications to Credit
Portfolio Stress Testing. The Wharton Financial Istitutions Center,
00-26. U. of Pennsylvania, pp. 1-2.

“…[H]as written a paper. In doing so, he had a great struggle with the data. He
won a few points, the data won a few points, and I gather they are both exhausted.”
Nordhaus, W. (1975). Comment. Brookings Papers on Economic
Activity, 2:1975, p.440. in Berndt E. R. (1991). The Practice of
Econometrics: Classic and Contemporary. Addison-Wesley
Publishing Co., Inc.

8

Credit Risk Management in the Czech Banking Context

Patrik Nový

Introduction
In connection to the approach of the New Basel Capital Accord, a would-be internationally
valid regulation concerning cautious code of business conduct of financial institutions, an
academic, practical and regulatory discussion on the theme of banking risks has become
popular worldwide. At least equally momentous is this theme for the Czech Republic
financial sector especially with respect to virtual completion of takeover of the Czech
banking sector by foreign owners who have brought about a significant shift in the
business practice of the privatized firms towards western standards.
Both within the Bank of International Settlements’ risk regulations and within the
banking risk management sphere credit risk lies in the focal point of attention. Credit risk,
as the potential that a bank borrower or counterparty will fail to meet its obligations in
accordance with the agreed terms1, is a banking risk with most probably the longest
history of management. Credit risk management is naturally subject to permanent change
and modernizing.
Traditionally, credit risk management methods rely on evaluation of debtors’
creditworthiness and credit score based mainly on expert opinion and accounting data
financial analysis. A more consistent approach from the 1960’s is due to Edward I. Altman
who constructed a so-called Z-score a statistics made up of selected financial rations
believed to best reflect credit score. Beside these basic approaches, rating agencies issue
credit rating grades which are employed as an important credit risk measuring tool.
Since the start of the 1980’s more sophisticated models have been on the rise.
Computationally demanding default-mode models and mark-to-market models became to
exist, models based on option theory and/or credit spread originated and also models
constructed above the Value-at-Risk concept appeared. In the west economies four
portfolio models have been academically described in detail, frequently practically applied
in modifications and believed to be the main credit risk management models. These four
models are: CreditMetrics, Credit Risk+, Moody’s KMV and CreditPortfolioView.
Besides, under the Accord, regulators drafted a so-called (Advanced) Internal Rating
Based Methods for determination of capital adequacy.
In the Czech Republic only a few papers have been devoted to the issue of credit risk
management in the light of the two current interconnected financial development streams
described above in the Czech banking context. For example, Teplý (2002) analyzed the
traditional methods, Derviz and Kadlčáková (2001) technically described most of the main
1

A definition due to Czech National Bank, ČNB Measure no. 2/2004.
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methods and spoke on their prospects within the Czech Republic. Neprašová (2003) is the
author of a detailed description of the majority of the approaches and the empirical
analysis of CreditMetrics, Internal Rating Based Methods as well as some other models.
Derviz, Kadlčáková, Kobzová (2003) empiricaly analyzed CreditMetrics, Credit Risk+
and built a model based on KMV.
Nevertheless, according to the author’s knowledge, no research concerning
CreditPortfolioView or related methodology has occurred. Similarly, little is known about
stress-testing of credit risk management methods in the Czech financial context. Last but
not least, very few papers that overview the theme of credit risk management can be found.
The goal of this thesis is to perform an analysis of a particular credit risk modeling
method in the context of Czech banking. Our aim is to introduce the reader broadly to the
field of credit risk management. Next, we want to analyze CreditPortfolioView and try to
empirically answer the model’s and the principal question of the hypothesis, i.e. whether
a bank can profit from connecting the economic capital determination to underlying
business conditions, i.e. whether the quality of credit is influenced by macroeconomic
development. Afterwards, shall we find the answer positive, we will develop a collateral
instrument assisting the financial institutions in the construction of this connection. Last,
we look at one more advanced banking management technique related to credit risk
management methods, specifically, credit risk management stress-testing.
The thesis is organized as follows:
After the introductory part, Chapter 1 provides theoretical foundation and description
of the field of credit risk. It also focuses on regulation approaches and practical aspects of
credit risk management in the World and in the Czech Republic.
Next, Chapter 2 turns to CreditPortfolioView type of credit risk management
modeling, i.e. investigating the credit risk within the economic conditions framework. On
a simulated portfolio of major Czech companies we perform a panel data analysis of the
dependence of the portfolio’s credit quality on Czech macro-economic development in
order to make the computation of banking economic (or regulatory) capital more precise.
An example of the practical usage of the empirical analysis with the help of adjusted
conditional VaR calculation is provided.
Chapter 3 proceeds with additional issues of practical importance to credit risk
management. First, an aggregated quarterly macro-econometric model of the Czech
economy is built along the lines of a model constructed by Mahadeva and Šmídková
(2000) to measure economy’s position within an economic cycle for the purposes of the
credit risk management model formulated in Chapter 2. Second, stress-testing, a risk
management technique complementing the main analysis, is introduced, described and
investigated on a number of Monte Carlo stress-test exercises using again real business
data of our simulated portfolio.
Concluding Remark summarizes the findings of the thesis.
10
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1 Introduction to Credit Risk Management:
Theory, Regulation, Practice and the Czech
Republic
1.1 Theoretical Overview
For the price of credit, the interest rate, it is impossible to fulfill the market-clearing
function of a price. This is due to the “term-” and “incomplete transaction-” structure of
provision of credit and the presence of microeconomic phenomena, such as asymmetric
information, moral hazard, transaction costs, Miller (2003), or institutional characteristics,
such as imperfect enforceability of contracts2. Before the termination of the transaction, a
loan providing financial institution faces different kinds of risks.3 Credit rationing lenders
are thus likely to gather extra information on the borrower, or make them subject to
signaling devices, such as collateral, in order to overcome these phenomena and increase
the efficiency of allocation of their resources, e.g. Stiglitz and Weis (1981) illustrate this in
their Adverse Selection Model.
As they are not able to mitigate these phenomena perfectly and as there are other
factors affecting the performance of the credit selling business beyond the control of both
parties of the credit contract, ie. macro-economic, business and operational shocks, etc.,
banks devised a concept of economic capital. Economic capital is a voluntarily held cash
buffer to smooth out the blackouts in the flow of loan repayment cash.
An interesting question arises when we ask why bank’s risk specialists voluntarily
hold this “unproductive cash” and manage risks at all. Does it not seem natural for them to
maximize the expected value of profit, regardless of the risk, i.e. the variance (volatility)
of profits? Stultz4 is one of the first theorists reasoning why bank managers may concern
volatility of expected profit. A summary of his contribution as well as recent literature on
this is due to Oldfield and Santomero (1995). According to them, four points make up the
most frequent theoretical reasoning in literature. In the case of each of the points, the
volatility of profit lowers the value of at least some of bank’s stakeholders. The first
2

As Miller (2003) notes, one of the first scholars to point at the implication of the asymmetric information
problem to the financial markets was Akerlof, who in his notorious asymmetric information 1970 “The
market for ‘Lemons’ ” work used a market for credit in a developing country to give example. See, Akerlof,
G. A. (1970). The market for “Lemons”. Quarterly Journal of Economics 84, pp. 488 – 500.
3
Credit risk, liquidity risk, insolvency risk, currency risk and other risks (for classification of risks see 1.2).
4
Stultz, R.. (1984). Optimal Hedging Policies. Journal of Financial and Quantitative Analysis 19.
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rationale is managerial self-interest. Managers are observed as having limited ability (time
and other) to diversify the investment in their own “firm”, due to the concentration of
human capital (time spent) in the firm they manage, which could lead to risk aversion.
Secondly, progressive taxing scheme should be a motive for reducing the volatility as it
leads to lower expected tax burden. The more than proportionate cost of financial distress
is the third frequent reasoning. Similarly, capital market imperfections may lead to more
than proportionate increase in external financing cost in financially unstable situations.
Besides, alternative recent reasoning comes in the form of a well-known theoretical model
by Froot and Stein (1998). They conclude that unless derivative instruments (hedging
against losses in regularly traded real and financial assets and non-traded assets of a
corporate loan type) fully offset losses in the latter two categories, it is advantageous to
freeze a portion of banks assets in the form of economic capital.
Any one of the proposed theories may give reasons for adopting risk-mitigating
strategies (for more on them see later parts). However, regardless of what the theoretical
discussion says, it is an empirical fact that financial institutions do endeavor to manage the
riskiness of their assets.
Commercial banks and other institutions providing credit have developed numerous
methods to facilitate the gathered information and to propose the appropriate economic
capital, for a review see Koykoglou and Hickman (1998). Central Banks and other
financial markets’ regulators reflected this issue in various “regulatory” capital
requirements on commercial banks. By doing this they intend to protect the banking sector
from crises arising from faulty credit rationing and subsequent liquidity shortfalls. These
measures evolved into internationally applied 1988 Basel Capital Accord (BCA) by the
Basel Committee of Banking Supervision (BCBS)5 of the Bank of International
Settlements (BIS). Under this regime, large, internationally oriented banks were obliged to
hold 8 per cent capital reserve for almost all private sector loans irrespective of the
characteristics of a loan, i.e. size, maturity, credit quality etc., Saunders (1999).
Later on, this method for determination of the regulatory capital started to be
perceived as too mechanical6, Derviz and Kadlčáková (2001), has been subject to recurring
evasion, and has led to two interconnected strands of development in the financial sector.
First, numerous financial institutions, already dissatisfied with the traditional credit risk
5

The Basel Committee was established by the central bank Governors of the G10countries. It consists of
representatives of the central banks (and of the authority responsible for prudential supervision of banks
where this is not the central bank) from the following countries: Belgium, Canada, France, Germany, Italy,
Japan, Luxembourg, the Netherlands, Spain, Sweden, Switzerland, the United Kingdom and the United
States. The EC and the ECB are observers at the Committee and participate on the capital review works.
6
BCA was also criticized for providing incentives for banks to engage in excessive risk-taking behaviour. In
the Czech Republic this has been illustrated by the misallocation of assets of Česká spořitelna in the first half
of 1990´s on the inter-bank market without respect to the rating of the borrowing banks which was caused by
“flat” risk weights and which lead to loss loans.
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management, Wilson (1998), and with the rigidity of the BIS 1988 requirements set out to
construct new credit risk management methods. Second, a change in the international bank
supervision’s attitude to these new flexible methods occurred and the BIS regulations
recorded a shift from former rule based to process oriented methods, Derviz, Kadlčáková
(2001).
This is mirrored in The New Basel Capital Accord, in its June 1999 First
Consultative Paper, July 2000 Quantitative Impact Study 1 and their up-to-date version
respectively (for more see 1.3.1). Under the proposed Accord, banks are allowed, for
example, to use credit ratings developed by rating agencies and later also their own rating
systems and to determine certain key credit risk management parameters (more in 1.3.2)
by their own internal credit risk management (CRM) models. According to Saunders
(1999), Carling, Jacobson, Lindé and Rozsbach (2001) and many other authors, internal
models offer better ways to value outstanding debts, compute default probabilities and so
improve the pricing of new loans and finally maintain the stability of the international
financial “architecture”. Critiques do exist as well. To name just one paper of all, let’s
mention Daníelsson, Embrechts, Goodhart, Keating, Muennich, Renault and Shin (2001)
of LSE who perceive Basel II as missing important aspects of global financial system and
as a potential source for destabilization of economies.
As a ground common to the monetary authorities supervisory requirements and the (new
type of) private credit risk calculations, Credit Reporting Systems have been on the rise
over the last years, Miller (2003). A Credit Reporting System, or a Credit Information
Registry, either public or private, is a database of information on borrowers in a financial
system. Japelli’s and Pagano’s (2003) definition says that a Public Credit Registry (PCR)
is ”an information system designed to provide commercial banks, central banks and other
banking supervisory authorities with information about the indebtedness of firms and
individuals vis-à-vis the whole banking system.” The information available ranges from
individual payment history (defaults, late payments etc.), to personal information and other
information illustrating creditworthiness and loan / borrower ratings assigned by reporting
(lending) institution, Miller (2003)7. Next to the efficiency, the information of these
registries can improve also the fairness of financial systems.
Although in comparison with both developed and underdeveloped OECD countries
quite late, the Czech financial system has been finally granted a Public Credit Registry.
Under the patronage of the Czech National Bank and in cooperation with the Banking
Association a Central Registry of Credit (Centrální registr úvěrů) has been launched on
7

Note: i) The information is usually collected by obligatory (in the case of PCR) periodic announcements of
various financial institutions, mainly commercial banks. ii) The other information may be type of loan,
business activity, value and type of collateral, maturity, interest rate, tax info, income statement, balance
sheet info etc., Miller (2003).
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November 1, 2002. On the other hand, in contrast to “an average” public registry coverage
it provides very detailed information about the debtor for all corporate body participants of
the system, for more details see Zúbek (2003). From the input point of view, it therefore
creates favorable conditions for existence of various commercial banks’ and regulatory
authorities credit risk management model.
There is a wide option of traditional as well as new approach credit risk management
(CRM) models for the Czech banks to choose from. Discussions on these alternative
models can be found in Nickell, Perraudin and Varotto (1998), Saunders (1999), Derviz
and Kadlčáková (2001), Carling, Jacobson, Lindé and Rozsbach (2001), Koykoglou and
Hickman (1998), and in many other sources. Following Saunders, let’s briefly classify the
traditional ones as expert systems, rating systems and credit-scoring systems. The major
new approach credit risk models are product of well known financial institutions invented
in the last decade: JP Morgan’s CreditMetrics/Credit Manager, CreditRisk+ of the Crédit
Suisse Financial Products, the KMV-Moody’s model and the McKinsey’s
CreditPortfolioView. Although all of these new models are so called “portfolio approach
models” and although they are all based on calculation of the risk of obligor’s default or
downgrade, they are diverse in obtaining it.
CreditPortfolioView (CPV)8 is one of the new approach methods utilized in the
determination of regulatory capital and in credit risk management. Described for example
in Wilson (1998), it can be characterized as introducing the relevance of macroeconomic
development on the quality of loan portfolio into the model. Several key credit risk
characteristics of a loan portfolio are explicitly linked to the conditions of the economy,
assuming, that the characteristics are of less quality in recessions and vice versa during
booms.
This method of managing the risk of portfolio of loans provided by bank is based on
explicit modeling the relationship between the so called transition probabilities9, i.e. the
probabilities of an obligor to default or to move downwards along a given rating scale, and
macroeconomic variables believed to have an impact on them, Saunders (1999). In
general, CreditPortfolioView is especially suited to assess the risk of credit portfolios that
are most sensitive to the business (credit) cycle, Derviz, Kadlčáková (2001). As such it is
potentially applicable for both supervisory authorities’ purposes and commercial banks
provisions calculations (provisions, economic capital). In the course of this thesis, a model
based on the methodological principle of CreditPortfolioView is derived and explored in
the Czech context.
8

This method has been developed and applied by the McKinsey Inc. and presented in Wilson, T. Portfolio
Credit Risk: A New Approach. New York: McKinsey Inc., 1997 (mimeo). Publicly available it is described
for example in Koykoglou and Hickman (1998).
9
In the following text, the terms transition probabilities and migration probabilities are used
interchangeably.
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1.2 Risk in Banking
In order to further establish and specify the position of the thesis within the framework of
financial markets and particularly within the bank management structure, it is helpful to
define the terms credit risk and expected loss in connection to accounting provisions,
unexpected loss in connection to economic and regulatory capital and the term risk
coverage. First, let’s look closer at the definition of banking risks.
By providing financial services the commercial financial institutions assume different
kinds of financial and other risks. According to the World Bank, (Greuning and Bratanovic
(2003)), banking risks can be classified into four categories, see Fig. 1,
Fig. 1

Financial Risks
Balance sheet
structure
Income statement
structure /
profitability

Banking Risks
Operational Risks
Business Risks
Internal fraud

External fraud
Employment
practices, workplace
safety
Capital adequacy
Clients, products,
business services
Credit
Damage to physical
Liquidity
assets
System failures,
technology risks
Market
Execution, delivery
and process
Currency
management
Source: Greuning, Bratanovic (2003), The World Bank.

Event Risk

Macro policy

Political

Financial
infrastructure

Contagion, domino
effect

Legal infrastructure

Banking crisis

Legal liability
Regulatory
compliance

Other exogenous

Reputation
Country risk

The World bank further distinguishes two types of financial risks: Pure risks – coming
from illiquidity, credit and solvency, and Speculative risks – based on financial arbitrage,
mainly interest rate risk, currency and market price (position) risk. In this setup, we focus
mainly on the Credit risk. For further detailed discussion of the classification of banking
risks see, for example, Teplý (2002), or Středová (2002).
Czech National Bank officially regards as the main sources of banking risk the credit
risk, the liquidity risk, the market risk comprising currency risk, interest rate risk, equity
risk and commodity risk and also the country risk. Significant risks come according to
ČNB also from operational risk (including legal risk), reputation risk, and contingency
risk, Teplý (2002).
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Credit Risk
“Credit risk is most simply defined as the potential that a bank borrower or counterparty
will fail to meet its obligations in accordance with the agreed terms“, ČNB Measure no.
2/2004. Financial institutions try to manage the credit risk of their portfolios as well as risk
of individual obligors. For most banks, loans are the largest source of credit risk, BCBS
(2001), although it may originate also in other types of credit contracts such as bonds,
acceptances, inter-bank transactions, derivatives, equities or leasing contracts, etc., too. In
turn, credit risk is the main source of total banking risk10. The dominance of credit risk (see
above) is notable also in the composition of the regulatory capital of the Czech banks,
where the majority of it serves for the purpose of credit risk coverage, Neprašová (2003).
Formally, the credit risk comes from the deviation of a value of a portfolio from its
expected value. As such, the credit risk can be managed by diversification. However, it
cannot be diversified away completely as diversification in practice in imperfect and as a
portion of the default risk results from systematic risk, Santomero (1996)11. Systematic risk
is the risk of a change of an asset value arising from systematic (“market”) factors, which
can be described as overall economic factors. This risk can be hedged, but cannot be
mitigated completely as it is commonly regarded as undiversifiable.
Accordingly, this type of risk is usually not taken care of in the majority of CRM
models. This is where CreditPortfolioView and this thesis come into the picture to seize
the macroeconomic, systematic risk and investigate whether it can be effectively dealt
with. Before the actual analysis, let’s define some more terms.
Other Terms
Expected and unexpected loss and risk coverage are easily illustrated in the following plot
of a sample credit loss distribution, Fig. 2.
Fig. 2
probability
of loss

Expected loss

Provisions

Unexpected loss

Economic
capital

Insurance

Uncovered

loss

10

MAS (2002) quote an annual report of “a leading well-diversified global bank” which says that this bank
estimates that 60% of its total risks come from credit risk. Next, Neprašová (2003) quotes from Arthur
Andersen Risk Books which states that approximately 70% of bank risks corresponds to credit risk, 10% to
market risk and the rest to operational risks.
11
This should especially apply to banks lending to local markets.
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Banking institutions face fluctuation in the value of their loan portfolios. For example,
with increasing number of defaulting debtors a given portfolio will, everything else held
constant, loose its value. The banking sector tries to quantify the probability of occurrence
of such events so that it is able to prepare for these expected losses. In the Czech Republic,
this is reflected also in the directives of the ČNB whose directive of the Czech National
Bank no. 9/2002 sets rules for evaluation of financial activity receivables, for provision
creation, etc. The banker’s experience says, that apart from recognizably expected
(provided for) losses, there is a more or less regular amount of unexpected additionally lost
value. So, the provisions and capital requirements serve two distinct purposes. Risk
coverage is mainly related to the unexpected loss in asset value. Private banking institution
reflect this by creating economic capital, monetary supervisory authorities answer this by
imposing the regulatory capital requirement. In statistical terms, provisions correspond to
mean credit loss, ie. the difference between today’s portfolio value and tomorrow’s
expected value (in Fig. 2 denoted by solid vertical line). The capital requirements
correspond to the difference between the mean loss and a loss at a certain significance
level. As it would be uneconomical to hold credit risk capital against all (or majority of)
potential losses, this would imply that capital is held against (almost) 100% of the
exposure, such level is usually very high (loss happening only a very low proportion of the
liquidation periods). The provisions thus protect against “ordinary” expected credit loss,
regulatory capital and economic capital protect against unforeseen losses, Falkenheim and
Powell (2003). Ideally, regulatory capital and economic capital would be identical.
One point of critique about this concept stems from the observation that the provision
against expected loss is not always held in cash. Provision can be held in the form of a
collateral, i.e. immovables, etc. However, the value of such a collateral is not fixed, which
can hamper the computation of economic capital. True, but this issue is usually not dealt
with in the framework of determination of economic capital. It is handled by another
technique - stress-testing. For more see part two of Chapter 3., where we investigate this
issue in detail.
As noted above, this work devotes its attention to study and investigation of a
particular type of credit risk management technique for determination of a bank’s
economic capital, the CreditPortfolioView. By doing this, thanks to the fact that the ideal
of the regulations under NBCA is to bring economic and regulatory capital closer together,
this work investigates also one of the methods potentially assisting in the determination of
the required capital.
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1.3 Monetary Authorities Regulation of Credit Risk
Management
1.3.1 Pre-Basel II.
Pre-Basel II. Regulation
The current Capital Accord was published in 1988, while the implementation deadline was
end of 1992. The main reason for the very concept of regulating the banking capital was
the concern of the G10 central bankers, who feared that the then strong banking
competition suppressed or was going to suppress the capital below any reasonable level,
Secretariat of the BCBS (2001). The 1998 Accord requires internationally active banks to
hold 8% of their assets measured according to the asset riskiness. Assets are assigned so
called “risk weights” according to the debtor category which determine the capital charge.
Eg. sovereign credit, such as T-bills, have no capital requirement, claims of banks have
20% weight, that is 1.6% charge and almost all private non-bank credit is charged by 8%.
The BCA framework has been adopted by over 100 countries and indeed brought
about solid level of capital held by large banks. Nevertheless, it became increasingly
criticized for its “broad brush – one size fits all” approach, for its methodological departure
from sophisticated economic capital models, for creation of the incentive for the banks to
avoid the required capital by off-balance sheet tricks which worsens the loan portfolio
quality, etc.
Preparation of Basel II.
In June 1999, the first Consultative Paper was launched opening unprecedented years long
discussion between BIS, particular central banks, other monetary authorities and mainly
the financial practice. Feedback and comments could have been and still can be made by
responding to a subsequent series of consultative papers, while given versions of the new
Accord have been tested through Quantitative Impact Studies, for more see Fig. 3.
Fig. 3
Timetable of NBCA preparation history and implementation plan
First Consultative Paper

June 1999

Quantitative Impact Study 1

July 2000

Second Consultative Paper

January 2001

Quantitative Impact Study 2

April 2001

Quantitative Impact Study 2.5

November 2001

Quantitative Impact Study 3

October 2002

Third Consultative Paper

Spring 2003

Finalization of the Accord

End 2003 – July 2004

Parallel running of sophisticated approaches w/ current Accord
Implementation

2006
End 2006

Source: BIS, Bank of England
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The latest version, contained in the Third Consultative Paper, is approaching its final
shape. Also, the description of the NBCA in the following section is based on the Third
Consultative Paper.

1.3.2 New Basel Capital Accord (NBCA) and Credit Risk
The proposal of the NBCA consists of three pillars: Minimum capital requirements,
Supervisory review of capital adequacy and Public disclosure.
Pillar I. - Minimum capital requirements
The concept of capital ratio, the definition of regulatory capital and the 8% rule
determining value of regulatory capital are still valid.
regulatory capital
Risk-weighted assets (RWA) measure the risk a bank is risk − weighted assets ≥ 8%
facing and are subject to changes under the NBCA as
opposed to the original Basel Capital Accord (BCA). Next, two types of distinguished risk
– credit and market – are accompanied by newly defined operational risk, measure of
which enters the denominator12. Moreover, the treatment of credit risk changes
substantially.
One-size-fits-all approach is in the case of credit and operational risk substituted for
by three risk sensitive methods for the banks to choose from. Regarding the credit risk
these are Standardized approach to credit risk, Foundation Internal ratings-base approach
and Advanced IRB approach.
Standardized approach is based on exposure group specific risk weights and the 8%
rule. If external rating13 is available the weighting is finer according to which of the
supervisory category an exposure falls into, if an exposure is unrated universal weight are
at hand, Fig. 4.
Fig. 4
AAA to AA- A+ to A-

BBB+ to
BBB20%
50%
100%

BB+ to
BB50%
100%
100%

B+ to
B50%
100%
150%

Below BUnrated
and default
150%
20%
150%
50%
150%
100%

<3M
20%
20%
>3M
20%
50%
Corporates
20%
50%
Source: Bank of England.
Note: Beside the RWs in table, RWs for Sovereigns (countries) and for banks according to the rating of the
Sovereign of their incorporations exist.
Banks

12

As it is not the focus of this work, operational risk will not by dealt with. The Operational risk can be
defined as the risk of loss resulting from inadequate or failed internal processes, people and systems, or from
external events including legal risk but excluding strategic and reputational risks (definition by U.S.
Department of Treasury (2004). Supervisory Guidance on Operational Risk Advanced Measurement
Approaches for Regulatory Capital. http://www.occ.treas.gov. 6. April 2004).
13
For sovereign exposures these credit assessments may include those developed by OECD, export credit
agencies, as well as those published by private rating agencies, BIS (2003, pp.3) .
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Newly, the NBCA expands the range and usability of “risk mitigants”, i.e. collateral,
guarantee, credit derivatives. Milder approach is applied to retail lending, where risk
weights for residential mortgage exposures and some SME14 loans are reduced.
Under the Internal ratings-based (IRB) schemes banks’ internal modern statistical
and quantitative risk driver assessment is, beside regulatory factors, the principle input for
the calculations. The two IRB methods differ in the autonomy a particular financial
institution possesses in determining the RWA. The RWA are based on four measures: i)
probability of default (PD), ii) loss given default (LGD), iii) exposure at default (EAD),
which measures the amount of credit that is likely to be drawn when a default occurs, and
in some cases iv) maturity (M), measuring the remaining maturity of an exposure. Given
the value of all of these inputs, specialized IRB risk-weight function produces a value of
the capital requirements for a given exposure.
For all corporate, sovereign and inter-bank exposures, the IRB banks must provide
internal estimated of PD. In the case of advanced IRB, they must internally compute also
the LGD and EAD. Maturity is set generally by supervisor for the Foundation banks and
computed by the Advanced banks, although there are some exemptions to this (for more
see eg. BIS (2003))15. In cases of both approaches, LGD is further influenced by the
presence of some of the risk mitigants16.
For retail exposures, all inputs are provided by the financial institution, i.e. there
exists only the Advanced IRB approach. Moreover, the parameters are not estimated for
individual exposures, but for pools of similar exposure, BIS (2003). In addition, the retail
exposures are divided into three categories with different risk-weights based on history of
loss experience. Special treatment is given to Specialized lending, such as “High volatility
commercial real estate”, and Equity exposures, as well.
The NBCA newly recognizes also Securitisation as one of risk management
techniques. Banks assign supervisory risk weights to securitisation exposures according to
various criteria. One of them is for example the quality of the securitisation – an unrated
securitisation position must be deducted from the capital, BIS (2003).
Pillar II. - Supervisory review
This pillar is based on the opinion of the BCBS that: “Judgements of risk and capital
adequacy must be based on more than an assessment of whether a bank complies with
...capital requirements.”, BIS (2003, pp.10). Banks are obliged to assess their capital
14

SME = small- and medium- sized enterprises.
The final capital charge is based on a basic risk-weight function multiplied by LGD. Eg.
 norm −1 ( PD) + ρ norm −1 (C ) 
 x EAD , where norm() is the cumulative
Capital requirement = LGD x norm


1
ρ
−


-1
distribution for a standard normal variable, norm () its inverse, C is the confidence level set by BCBS, ρ is
the asset correlation computed by further formulas for different exposures. The higher the correlation, the
higher the unexpected loss for given PD.
16
In transition CEE baking sectors, this will be an especially hot issue as enforceability is a big issue.
15
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adequacy based on “their overall risks” and supervisors are mandated to review and
actively react to these assessments.
Banks are required to perform stress-tests of their portfolio to test the appropriateness
of the IRB-based required capital in exceptional situations. Based on the results of such
stress-testing reported to the supervisor, the supervisor may for example order the bank to
lower the undergone risk. Further on, the Supervisory review covers the concentration
risks, residual risk (arising from the use of collaterals, guarantees and credit derivatives)
and the issue of securitisation.
Pillar III. – Public Disclosure & Market Discipline
Pillar III. defines a set of information a bank has to publicize so that the public can make
an opinion on the bank’s risks and level of held capital. Ideally, such disclosure would lead
banks to voluntarily amend their risk profile in order to improve their market reputation.
Transition to NBCA
Within the G10 countries, BCBS have agreed to implementation date of the NBCA of
year-end 2006. In the European Union, NBCA should be first adopted by the European
Commission. The European Commission have drafted a directive proposal, which has been
subject to commentary process, and which, in its final version, will undergo an approval
“co-decision” procedure at the European Parliament and the Council of Ministers. The EC
expects this process to be completed in time to meet the “global” date for implementation
of the NBCA at the end of 2006. However, it says this deadline is quite challenging17.

1.4 ČNB Regulatory Capital Legislation and Other relevant
Legislation
The regulation of the banking risk management and of “cautious business conduct” at large
is legislatively founded on the Law no. 21/1992 on Banks (last revised by Law
no. 126/2002). Part 4 - Operational Requirement (§12 to §14) of the Law obliges banks to
undertake cautious business conduct, to comply with capital adequacy and minimal value
of required capital, to observe lending concentration limits and to maintain payment
capabilities by conforming with liquidity rules18. These requirements are very general, all
interpreting and executive and technical details of the rules are shifted to the Czech
National Bank, which is mandated by paragraph §15 as the legislatively competent
authority.

17

EC at http://www.europa.eu.int/comm/internal_market/regcapital/index_en.htm#capitalrequire, (6. 4.
2004).
18
The law also requires the independent internal auditor as well as the external auditor approved by the ČNB
to regularly perform verification of the management, controlling and risk management systems of the bank.
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Concerning the ČNB’s regulations related to capital adequacy and regulatory capital,
the first regulation dated 1993. It was amended in 1995 and significantly changed in 1999.
These measures set the limit of regulatory capital at 6.25% to be reached by commercial
banks by December 31, 1993 and at 8% to be reached by December 31, 1996. Further
important regulations took place in late 200219. In 2002, a centralized database of loan
information relevant for both supervisory purposes and private financial institutions’ credit
risk management has become to exist20. Specific relevant Resolutions of the Czech
National Bank are described below.
Resolution no. 333 from July 3, 2002 setting the rules of cautious business conduct.
This resolution provides a general methodology for cautious business conduct, which
means the rules for determination of the required capital according to type of risk and for
setting limits on credit exposure concentration. It deals with definition of trading and
lending portfolio, with assessment of financial instruments and positions, with credit risk
required capital and risk-weighted assets. It also describes conditions under which a
financial institution is allowed to use internal risk management models, model required
features and the method of stress-testing.
Resolution no. 2 from July 3, 2002 is an “undertaking” document of Resolution
no. 333. It specifies limits on capital adequacy, limits on exposure concentration and limits
for open bank currency positions. It is a very detailed manual on the organizational,
processing and informational setup of a risk management structure of consolidated
corporate bodies (banks, etc.) and a less detailed manual on particular techniques used in
credit risk modeling. It also defines formal and material requirements of a bank requesting
the permission to use internal models.
Subsequent Resolution no. 2. from January, 2004 on the Management of Credit Risk
is a material describing requirements for a bank to meet central bank’s required credit risk
management standards. It is very similar to BIS’s Principles for the Management of Credit
Risk from 2002. It is a version of Resolution no. 2/2002 for non-consolidated corporate
bodies.
Resolution no. 11 from December 10, 2002 which determines the Requirements on
Verification of Bank Management and Control System including the Risk Management
System: As the verification is to be performed by an independent auditor (at ČNB’s
request), this resolution refers to other documents containing “acknowledged principles”
according to which the audit is to be undertaken and according to which ČNB evaluates its
outcomes. These documents present an exemplary risk management system for the
financial institution to follow. As regards the credit risk, two key references are made - to

19

For more, see for example Neprašová (2003).
See, for example, ČNB’s Resolution no. 164, April 10, 2002, on the Conditions of Access to Information
in the Information Database of ČNB.
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BIS no. 87 Principles for the Management of Credit Risk, September 2000 and to
Generally Accepted Risk Principles, Coopers & Lybrand 199621.
From the viewpoint of this diploma thesis, the technical part of the resolution no. 2.
and the Appendix to The Principles for the Management of Credit Risk are the most
important portions of the given legislation. Resolution no. 2. provides the banks with the
option to voluntarily use internal models for determination of required capital to market
risk and the Principles explicitly recommend the banks to use internal (credit) risk
management models, and for certain lending against non-financial assets and for cyclical
sensitive lending even to use models linked to macro-economic development. Regarding
future legislation (NBCA), the use of sophisticated internal models extends further even to
credit risk (internal modeling of PD, etc.).
As the binding date for implementation of the NBCA in European Union will most
probably be December 31, 2006 and as the Czech Republic already counts among the EU
member states, this date will constitute the base for the legislative process of Czech
responsible authorities.

1.5 Credit Risk Management Models
It is not the aim of this thesis to describe at large the basis concepts of and traditional
approaches to measuring credit risk. Such a description can be found for example in
Koykoglou and Hickman (1998), Saunders (1999), Kern, Rudolph (2001), Derviz,
Kadlčáková (2001), etc. Here we limit the discussion to a brief synopsis from the existing
works to complete the picture of the credit risk management (for detailed exposition of the
models see the cited works and many other resources).
Regardless the academic discussion about the existence of a motive to hold positive
level of economic capital, financial institution indeed do maintain it. Four so-called
financial industry sponsored credit risk management models appear repeatedly in the
literature. All of them share a so-called portfolio approach, but each of them is based on
different assumptions on the statistical properties of underlying distribution of possible
gains and losses from a credit portfolio. According to Derviz, Kadlčáková (2001) there are
two basic paradigms in quantification the credit risk: the default-mode paradigm, where
there are only two states at the end of the risk horizon, default and non-default, and markto-market paradigm, where risk of credit rating downgrade exists, too. CreditRisk+ and
KMV-Moody’s model represent the first category, CreditMetrics and CreditPortfolioView
represent the second paradigm.

21

One last noteworthy fact about the Czech capital adequacy legislation is the obligation of Securities traders
outside of banks to also fulfill the capital requirements since October 1, 2003.
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Besides these four big models, one can name also retail banking and scoring
functions, expert analysis and financial analysis for single loan exposure, Altman analysis,
or credit rating as further credit risk management approaches. Speaking about the concepts
of managing credit risk, we should definitely not omit Value-at-Risk (VaR). Basically, the
VaR approach tries, by the help of advanced statistical tools and a set of assumptions on
the behavior of the credit portfolio value, to quantify the answer to a question: “If
tomorrow is a bad day, by how much will the portfolio value decline?”(for more on VaR
methodology see Chapter 2). The main impetus for the spread of VaR methodology over
the credit risk management models was the successful development of the market risk VaR
models. Even the regulatory authorities (BIS) acknowledged this approach and since 1996
they have approved it to determine the required capital for market risk. Besides, it is the
main component of two industry sponsored models: CreditMetrics and
CreditPortfolioView.
Broadly speaking, the mathematically and statistically more and more demanding
management models are making their headway both within the regulation side of the
financial industry and within financial institutions. The popularity of the sophisticated
(credit) risk management model mirrors also in the methods banks choose within the Basel
II. framework. According to senior bank management of more than 30 banks of various
sizes and locations worldwide participating in a survey by Standard & Poor’s Risk
Solutions, CRIMAG (2004a), banks that were trying to comply with Basel II, most were
adopting the advanced Internal Ratings Based approach to determine capital requirements
for credit risk22.

1.5.1

Prospects of Internal Models within the Regulation Framework

The above mentioned Principles for the Management of Credit Risk from September 2000
say, that “...[M]ethodically sound risk management at the portfolio level ... will influence
positively the regulatory judgement within the context of the proposed ‘supervisory review
process’ already in the near and middle terms. This came as a change in the BIS’ attitude
towards the sophisticated internal models. Beforehand the BCBS rejected the use of such
models mainly due to insufficiently long data series and small amount of data, which
prevented thorough and credible testing and verification of the models. Nevertheless, over
the time the internal models and the capital adequacy rules are bound to converge. So,
according to Kern and Rudolph (2001), it is therefore likely that in the long term, banks
which succeed in the development of credit portfolio models, before they become a part of
regulatory “package”, will gain an edge over banks which will not.

22

Several banks have not yet chosen which approach to pursue to comply with Basel II, or even whether they
are going to comply with it at all.
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1.6 Credit Risk Management in Czech Banking Practice
With the predominant foreign ownership of the Czech banks, substantial restructuring and
streamlining of the banks and modernizing of their management methods have already
taken place. However, according to a report by Moody’s Investors Service’s, Mutual
Benefits of Foreign Ownership of Central and East European Banks, “...[M]uch more is
needed in terms of risk management culture - a key area that Western banks still have to
address in C&EE markets,” CRIMAG (2004b). Similar opinion is e.g. due to Fitch Ratings
in Czech Banking System - Improvements Noted But Scope Remains For Further Progress,
Fitch Ratings (2004). Similar picture can be gotten if we glance at the credit risk
management methods applied by particular Czech banks.

1.6.1 Examples of Risk Management Methods at Concrete Czech Banks
The usage of demanding risk management methods such as the vector autoregression
models, Monte Carlo simulations, etc., is at an early stage. Generally, main risk
measurement methods applied at Czech banks include23:
! VaR: Losses from price volatility. Open positions.
! GAP analysis: Measuring the mismatch between interest rates on assets
and liabilities. Some bank compute particular version of the Gap analysis
even on daily basis.
! Duration analysis: Measurement of sensitivity of a financial instrument
(eg. a bond) with respect to price changes. Commonly used to show the
direction of portfolio change in the light of a defined (usually 1 b.p.)
change in a price.
! “What if” scenarios.
! Mark-to-Market: Revaluation of equity portfolio(s) in response to
changes in market prices.
To learn more about the credit risk management practice of Czech banks we have
opened the 2002 and 2003 Annual Reports of 5 major commercial banks: Citibank, a.s.,
Česká spořitelna, a.s., ČSOB, a.s., eBanka, a.s., Komerční banka, a.s. and a smaller one,
Živnostenská banka, a.s. For a cursory summary of the current risk management system of
the banks see Fig. 6 on the next page.
The use of another risk management computation technique in a Czech bank, backtesting,
is illustrated in Fig. 5. Backtesting serves to assess the accuracy of the risk management
model. Actual (historical) results are compared to simulated VaR and the frequency of
23

The information comes from a survey of (more then 30) major Czech banks conducted by an unnamed,
highly reliable source.
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results crossing the specified percentage significance level is counted. An example from
the banking practice, Fig. 5, shows the graphical representation of a back-test of market
risk model by Komerční banka.
Fig. 5

Actual daily profit and loss of the trading book throughout 2003 (upper line with dots) are
compared to 1-day 99% VaR values to find out, that the actual results never went behind
the 99% value.
Fig. 6
Bank (source)

Credit risk

Value-at-Risk

Citibank, a.s.
(AR* 2002)

-Receivable classification
-Evaluation of collateral
-Scoring in retail banking
-Provision calculation
-CRM models

-Concentration limits, cross-border risk
limits, limits on lending to related parties
-Target markets and target selected clients
-Stress-testing to set limits

-Used in market and interest rate risk
management
-99%, 1 day

Česká spořitelna,
a.s.
(AR 2002)

-Independent CRM dept.
-Firm and retail level:
-- fundamental analysis, 10 grade
internal rating system,
-- credit scoring, behavioral scoring
underway

-- assessment of collateral
--non-stop monitoring
-Portfolio level
--analysis and monitoring.
--CRÚ and Bankovní registr klientských
informací

-Used in market risk management
-1 day, 99%., 500 obs.
-KVaR+ methodology
-Backtesting
-Aggregated measurement of trading and
lending book risk

ČSOB, a.s.

-Independent CRM dept.
-Assessment of collateral
-Internal rating (IR): 7 grades, A-C
standard/non-classified. D-G classified

-IR influences: concentration and other
limits, minimal risk margin, regime of
monitoring.
-Internal audit team – random revision

-Used in market and interest rate risk
management
-VaR, 97.5%, 1 business day, last 100
business days

-Interest rate VaR.
-Interest Gap analysis
-Receivables classification
-Scoring

-Models for calculation of expected loss –
type of product, maturity, zajisteni,
expected rate of default.
-Classification of collateral
-Concentration limits

-Used in interest rate risk management
-1 day, 95%,
-backtesting

-Application of advanced IRB Basel II.

-Evaluation of client creditworthiness
-Credit Risk Machine following
concentration limits
-Receivables classification (ČNB)
-Scoring function

-Used in interest rate risk management
VaR, 99, 1day, 250
VaR stress testing
Backtesting with Var 99%

(AR 2002)

eBanka, a.s.
(AR 2002)

Komerční banka, methods.
-Regular calculation of unexpected
a.s.
credit risk (VaR)
(AR 2003)
-Mezibankovni registr klientských
informaci and CRÚ

Živnostenská

-Concentration limits

banka, a.s.
(AR 2002)

*AR = Annual Report
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More on credit risk in the Czech Republic can be found in Derviz, Kadlčáková
(2001), Teplý (2002), Neprašová (2003), or Derviz, Kadlčáková, Kobzová (2003) and the
Appendix 4.
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2 Can Banks Profit from the Business Cycle?
CreditPortfolioView and Economic Capital
In Chapter 2, we theoretically underpin and empirically analyze and verify the hypothesis
that the (Czech company portfolio) credit quality (measured by credit rating) is influenced
by the development of the business cycle.

2.1 Theoretical background: Business and Credit Cycle - World
and the Czech Republic
The following section explains the economic theoretical intuition behind the
CreditPortfolioView-type of models and speculates on validity of the business-credit cycle
relationship in the Czech (financial) market. It also presents empirical findings of
researchers from abroad. CreditPortfolioView is a model conditioning the quality of
portfolio24 to macro economic variables. To lay the ground for this type of relationship, we
need to explain the “causality/correlation” link between the quality of portfolios of loans
and of other types of credit25, the volume of loans within an economy provided by financial
institutions and the economy’s output (as an approximation of the overall economic
conditions). Visually, we are going to dig deeper into the triangular flows of
“implications”, Fig. 7.
Fig. 7
Volume of credit

Business cycle / Output

Credit quality

Fairly simple relationship may be established between the (volume of) credit and
economic cycle. As Hampl and Matoušek (2000) present, the existence of such a
relationship is based on the theoretical observation that rising expenditures can be financed
particularly by credit, so that rising expenditures and credit go hand in hand. This should
hold true especially in the case of investment. Citing Dornbush and Fisher,26 we should
“expect the volume of loans to be linked to GDP.” Further, according to Hampl and
24

For CreditPortfoliView specifically, it is the transition matrix conditioned on the economic environment as
already mentioned and as explained in detail below. Generally speaking, other credit portfolio value
parameters can be linked to the economy naturally, too.
25
Under the term quality of loans we shall in this section understand the probabilities of downgrades of
particularly rated obligors or loans and similarly the probability of defaults. We can refer to credit risk, too.
26
Dornbush, R., Fisher S. (1994, p. 383). Makroekonomie, 6. vydání. Praha, SPN.
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Matoušek again, Friedman27 convincingly showed that there is a closer relationship
between the volume of debt and GDP than between nominal GDP and money.
Specifically, where there is heavy reliance on the external finance provided by
banking system, the adverse macro effects of decreased willingness to lend may be harsh.
The existing research shows, that some sectors are especially sensitive to the volume of
lending. For example, Segoviano and Lowe (2002) mention the output of real estate and
Small and Medium Enterprises (SME’s) to be clear cases in point.
Also counterarguments exist. Critiques say that today’s globalized financial markets
allow for filing for credit abroad or for turning to other provision of financial resources and
that the domestic supply of credit is getting less important. However, a liquidity constraint
discussion could follow to struggle to uproot the opposition of the business-credit link.
Similarly, a row of pro- and con-arguments can be presented. However, the point of the
discussion is the obvious intuitive clarity of such a link supported by considerable amount
of empirical research.
The relationship of the general economic performance and the quality of credit is quite
straightforward, too. Adverse economic conditions, injected to the economy from
whichever of the supply and the demand side, presumably affect firms’ revenues leaving
the earnings lower. The lowered earnings feed into profit and subsequently lead to
deterioration of cash flow, interest coverage, profitability ratios (ROA, ROE, etc.), and
other financial measures of individual/obligor credit attractiveness. This in turn worsens
the repayment abilities and the financial situation and in a spiral feeds back into the
business performance.
Rösch (2003) of University of Regensburg, for example, finds extensive empirical
evidence of the correlation of the stage of economic cycle and the credit quality (measured
by probability to default) of German corporations. Indeed, visiting 2003 Germany, we can
see the economy’s slowdown being accompanied by a sharp rise in the number of
bankrupts and defaults. On year-to-year basis, the number of bankrupts rose by 3.8 %
(from February to March 2003 it shot up to 11.1 %); for defaults itself their number went
up by 31.6%. Also Nickel et al. (2002) have shown that the quality of corporate borrowers,
specifically their rating, downgrades mainly at the “through” of the economic cycle and
upgrades when the economic conditions are robust. Some other findings point at the
correlation between the output gap and the distribution of ratings, where the rating
distribution generally worsens (with a certain time lag) when the output gap is negative,
Segoviano and Lowe (2002). Nevertheless, for the completeness of the discussion, let’s
mention the existence of papers proposing that the risk is not higher in a recession than in a
long lasting expansion. Segoviano and Lowe (2002) quote a number of references of
27

Friedman B. (1993). The Role of Money and Credit in Macroeconomic Analysis. In Tobin, J. (ed.),
Microeconomics, Prices and Quantities, Washington, The Brookings Institute.
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these. Let’s mention one paper for all: Borio,C., Furfine C., Lowe P. (2001). Procyclicality
of the Financial System and Financial Stability: Issues and Policy Options. In Marrying the
Macro- and Micro-prudential Dimension of Financial Stability, BIS Papers 1, pp 1 – 57.
How about the link between the volume of the credit and the quality of loan portfolios? As
this “causality/correlation” flow is the least interesting from the point of view of our
analysis, we mention just one of its theoretical aspects. Let’s return to the question of the
origin of the financial intermediation in the economy. Various authors repeat, that under
universal banking system, an autonomous reduction in the lending may lead to problems at
the firms’ level with symptoms of financial disabilities. Conversely, we may expect the
increased willingness of financial institutions to provide credit may contribute to better
financial health of companies (through debt restructuring, business restructuring financing,
etc.) per se.
Further piece of empirical evidence to the whole question comes from already mentioned
large study by Rösch (2003). Correlations are an important driver for uncertainty in
portfolio credit risk modeling (this is reflected also in the NBCA). However, in an
empirical investigation, Rösch attributes the correlation to common observable risk factors.
By using a 1981 to 2001 database of about on average 2,000,000 German firms and their
bankruptcies, he finds that correlations can be significantly lowered when accounted for
the business cycle. The author concludes, that forecasts of default distributions, which is
just one of the measures of the credit quality, can be generated more adequately when the
stage of the business cycle is taken into account.
Last but not least, let’s mention that credit portfolios are, sometimes on purpose,
sometimes by mismanagement, diversified to a limited extent. Financial institutions may
specialize in target-group or target-sector lending, at least in case of some of their
portfolios. Since different sectors in an economy react to the economic cycles with
different sensitivity, models internalizing the standing of the economy (or sectors) may be
especially suitable for portfolios concentrated on cycle sensitive groups.
Next, what can be said about macroeconomy and credit in the context of the NBCA
measures? The hot element would is the Internal-Rating-Based (IRB) credit risk
management methods for setting up the regulatory capital. Due to these methods, the
authors of IMF (2001) speak of “unduly” pro-cyclical nature of the new Basel regulations.
Segoviano and Lowe (2002) speculate, that had the banks in the emerging market economy
under their study (the study is based on a quarterly 1995 to 1999 dataset of a group of
banks operating in Mexico comprising over 50 000 loans per quarter) applied the new
version of the Basel regulations, the required capital would be much higher. They also
note, that in emerging economies the swings in the business cycle are much higher, which
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can lead to volatility of the regulatory capital amplifying the economic cycle. If the
increased regulatory capital is not to do this, the paper argues, relevant authorities need to
make the banks hold money buffers even in good times. One suggested solution is to make
the banks subject to macroeconomic stress tests (more on stress test below in Chapter 3)
hoping that market forces would lead them to voluntarily comply with the necessary
volumes of economic capital.
Although these two papers criticize the approach NBCA takes towards economic
cyclical development, they clearly acknowledge economy’s generall impact on the credit
quality. If not of regulatory purposes, this can be thus taken into account for the purpose of
the formation of conomic capital.
Let‘s shift the focus on the Czech financial system. Hampl and Matoušek (2000) point to
the notorious, above the average, level of banking intermediation in the Czech Republic.
They not only agree that reduced lending under such conditions may lead to strong
deterioration of financial standing of companies, but argue, that this already happened
during the 1997/1998 “contraction” year. Although, as the authors note, the empirical
evidence on the relations in question is scarce, if we compare the development of nonadjusted credits, money supply and the real GDP, we find quite visible link between these
variables28 (see a similar graph in Fig. 8).
In the Czech case, the CreditPortfolioView approach should not be overviewed also
for another reason. In the Czech Republic there is not only a disproportionately high share
of classified loans, but also loss loans in the portfolios of commercial banks, Hampl and
Matoušek (2000). As Derviz and Kadlčáková (2001) note inferior, speculative quality
credits are especially sensitive to the economic conditions.
One counterargument in the discussion deserves a note. Hampl and Matoušek (2000) also
say that in an economy with a weak capital market financing and almost universal banking
system, as in the Czech Republic, due to close creditor-debtor relationship: ”…[C]losing
the credit channel when their (firms’) financial position worsens, could be fatal for both
sides”, pp. 33. This could in turn be interpreted as questioning the importance of prevailing
economic conditions to the quality of credit. In the described situation the creditor is not
indifferent to the financial situations of a debtor since both can suffer from its worsening
and yet they may be able to alter it. A firm’s default could threfore possibly be determined
by the creditor’s “interference” to a much greater extent than by the underlying economy’s
state. On the other hand, banks need to manage also their non-default clients, so the
discussed method can be still beneficial. For non-default rating grades, there should also be
28

For a deep general analysis (both theoretical and illustrated by empirical examples) of the business / credit
cycle and the relationship of volume of credit and the output of an economy referring to numerous afore
writing authors and also providing an original perspective see Hampl and Matoušek (2000) pp. 15 – 23.
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no motives for the banks to influence the rating.29 A separate empirical research would
have to say which one of the two factors, the extraordinarily close creditor-debtor
relationship or the underlying macro conditions, is more influential.
To sum up the “anchoring up” and classification of the theme, we can say this: In the sense
of the application of CRM methods for the determination of regulatory capital in the Czech
financial market under the New Basel Capital Accord, this thesis continues the work of
Neprašová (2003). In her dissertation thesis, Měřění kreditního rizika pro potřeby určení
kapitálového požadavku a ekonomického kapitálu, the author displays and describes the
credit risk management in the World and in the Czech Republic and concludes with an
analysis of CreditMetrics type of model in the Czech context. Under the planning Basel
scheme, which suggest reforming of adequacy rules in several succeeding steps,
CreditMetrics type of models precedes the use of CreditPortfolioView type of models. As
CreditPortfolioView is a complement to CreditMetrics - it overcomes the static transition
probabilities feature - its analysis is a natural step. As regards computation of economic
capital, this thesis struggles to enhance the currently applied methods so that banks can
hold the precisely appropriate amount of economic capital. Last but not least, because the
regulators’ proclaimed ideal is to make the required capital converge to the economic one,
the analysis is relevant for both the regulatory and the economic capital computation.
Fig. 8
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Discussion on the dis/honesty motives in the internal rating reported to a Public Credit Registry (Centrální
Registr Úvěrů in the Czech case) can be found in Miller (2003).
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2.2 Choice of the Macroeconomic Variables
Now, that we have founded the intuition behind the CreditPortfolioView/business-credit
cycle theoretically and on examples, we can proceed to the question of the choice of
appropriate proxies of “economic conditions.“
Koopman and Lucas (2003), for example, in a study called “Business and Defaults
Cycles for Credit Risk” are trying to explain the coincidence of credit, default and macro
cycles using historical U.S. data series on real GDP, credit spreads30, and business failure
rates. They find contemporaneous correlation between real GDP and default rates,
supporting here presented hypothetical relationship by empirical evidence. They also
analyze “causality” flowing form the credit spreads to default rates and real GDP and
suggest credit spreads may be an influential factor besides the product to predict credit
quality, too.
In this work, we adopt the real business cycle31 logic and follow the development and
importance of i) the product and its cycle and ii) variations in employment, which could be
influential also according to Derviz and Kadlčáková (2001) and Saunders (1999). Besides,
we shall look into the importance of iii) inflation and its stability, iv) exchange rate, v)
current account and the external balance and vi) the sustainability of the government
finance measured by the budget deficit.
The choice of GDP (gap) and (un)employment is perfectly in line with the existing
research. For example, Kern and Reitzig (2000) in their study analyzed dependence of
default rates in eight main sectors in Germany over 1965-1992 on a middle market sized
companies (turnover under Euro 500 million) on selected macro-variables. These were:
real change in domestic product, unemployment rate, DEM/USD exchange rate and sectorspecific gross value added. In all sectors except the “energy/water-supply/mining” sector
negative correlations between default rates and real change in domestic product and/or
sector-specific gross value added (GVA) were found. Fr “trade“ sector, for example, the
coefficient of GVA was positive and significant at 10%. Similarly, higher unemployment
happened when there were higher rates of default. E.g. for “trade“ sector the coefficient
was significant at 1%. The significance of the exchange rate was not impressive.

30

Credit spreads were defined as the difference between Moody’s yields on Baa corporate bonds and the
yield of government bonds with maturity over 10 years.
31
For coverage of real business cycle theory see for example Romer, D. (2000). Advanced Macroeconomics.
McGraw-Hill/Irvin.
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2.3 CreditPorfolioView and Underlying Concepts
Value-at-Risk
Before we get to the methodology of CreditPortfolioView we need to explain briefly two
underlying concepts: Value-at-Risk and Transition matrix. The concept of Value-at-Risk is
the following. A portfolio holder (a bank) tries to quantify a loss at the end of an operation
period at a given (high) statistical significance level (for more see section 1.2 of Chapter 1
defining expected loss, etc.). So, if a bank carries out such calculation for a daily horizon,
it may for example conclude that the probability that the loss in portfolio value will be
higher than X at the end of today’s operating hours is 1%. It may also say that a loss in the
value of X occurs once in 100 operating days. Let’s have a look at the next graph, Fig. 9.
Fig. 9
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At the start of today, a bank possesses a portfolio of a given value. By some method, the
bank gets to know that the distribution of the value of its portfolio at the end of the day.
The mean, the expected value is E(PV). Shaded area under the pdf to the left of X
represents the mentioned 1% probability that the loss exceeds X. In banking practice, the
distribution is most often assumed Normal. A one-day 1% Value-at-Risk would be then
obtained as

VaR11%day = norm sin v(0.99) * σ = 2.33 * σ ,
where σ is the estimated standard error of the values of the asset/portfolio.
In this thesis, we show one such method.
Transition matrix
The next concept to be briefly explained is the transition matrix. An important input of the
banks’ models of (credit) risk management is the evaluation of creditworthiness of bank
clients. In the case of corporate finance, banks rely mainly on rating as the main tool to
assess the clients’ riskiness.
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A rating grade is assigned to a firm on the basis of both quantitative and qualitative
analysis. The quantitative part consists mainly of accounting data financial analysis –
scoring functions, Altman’s scores, ratio analysis, etc. Assignment of rating grades is also
subject to a qualitative analysis of the sector a given company operates in, of the
ownership structure, management quality, market position and other not easily quantifiable
business characteristics.
Banking institutions either perform the rating analysis by themselves, if they prefer
their own internal rating, or accept the rating of some of specialized rating agencies.
Among the most popular agencies belong Standard & Poor’s, Moody’s, Dun & Bradstreet,
FITCH IBCA, or the RiskMetrics Group, or Czech Rating Agency active in the Czech
Republic.
The rating of the agency Standard & Poor’s, for example, extends from the category
AAA, describing market superior companies with outstanding trade and credit quality,
credit capacity and credit coverage, to category D belonging to firms in default. Besides
there is a + and – system to make the rating grades finer for short term rating purpose. For
more on Standard & Poor’s rating methodology, see eg. Neprašová (2003), for an
overview of the rating grades see the first column of the transition matrix, Fig. 10 and
Fig. 16 below.
From the point of view of the risk assessment models an important question is the
migration of a firm from one rating grade to another during the assessment period (eg. a
year). E.g., Západočeská energetika, a.s. was rated BBB+ in 1999, but upgraded to A- in
2000. Similarly, there were many other BBB+ rated companies in 1999 which were
assigned a different rating in 2001. By collecting the number of companies originally rated
BBB+ who have migrated to different grade during the year, we can estimate the
probabilities of BBB+ rated company to migrate to all other grade. This is done for all
initial rating categories and all ending grades. Writing these probabilities down for all pairs
of grades yields a matrix, called the transition probabilities matrix. One such matrix has
been kindly provided by the Standard & Poor's Risk Solutions and can bee seen in Fig. 10.
Fig. 10
Report Type : 1 Year Transition Matrix (Percents)
All :
S&P industry
Country :
European Union, (Austria, Belgium, Denmark, Finland, France, Germany, Greece, Ireland, Italy, Luxembourg,
Netherlands, Portugal, Spain, Sweden, United Kingdom )
Pool :
ALL ( 1981 - 2002 )
Rating
AAA
AA
A
BBB
BB
B
CCC

AAA
AA
A
90.045249
6.636501 0.452489
0.179856 88.069544 8.693046
0
2.164686 88.41256
0
0.21322 4.904051
0
0
0
0
0 0.869565
0
0
0

BBB
0.301659
0.359712
4.881154
85.60768
3.409091
0.434783
0

BB

B
CCC
D
NR
0
0
0
0 2.564103
0
0
0
0 2.697842
0.254669 0.08489
0
0 4.202037
1.812367 0.533049 0.21322 0.426439 6.289979
78.40909
6.25 0.284091 1.420455 10.22727
4.347826 66.95652 6.086957 8.695652 12.6087
0 5.263158 31.57895 57.89474 5.263158

Data: Standard & Poor's Risk Solutions

Source: CreditPro® 6.20 of Standard & Poor's Risk Solutions
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The matrix is a 2003 one-year transition matrix applicable for the industrial sector
companies in the EU. It is based on the behavior of businesses followed over the years
1981 – 2002, so in contrast to the approach used in the above example, it counts with
offsetting the cyclical effect, which may affect the transition probabilities based on short
data series32. The matrix suggests, that the probability that a BB (the highest “speculative”
grade) company qualifies at the end of 2003 to BBB (the lowest “investment” grade) is
equal to 3.4%. It also describes, that with a 78.4 % probability the company remains in the
same bracket and that the AAA rated companies are the most probable to maintain the
same rating, etc.
Back to VaR calculation. The calculation of the Value-at-Risk is the following: Let’s have
an obligor who is rated for example BBB in the beginning of 2003. Till the end of 2003,
the obligor may migrate to another rating category (or outside the rating system),
according to transitional probabilities set in Fig. 11. The obligor’s payables to the bank
consist of interest payments and a face value payment which, when discounted (see Eq. 1),
equals a given value. This value is also the value of the loan as of the bank’s asset. When
the obligor’s rating changes33, also the value of the asset alters reflecting the change in the
applied discount rate. The discount rate is usually set as a combination of a fix portion (eg.
PRIBOR, LIBOR) and a margin (xyz p.p.) which reflects the riskiness of the asset. The
margin usually moves with the rating so that a higher rating is assigned a lower margin and
vice versa. Such a calculation for our example obligor is shown in Fig. 11.
Fig. 11
Rating
…
BBB
…
Value of debt

AAA

AA

A

0,00%

0,21%

4,90%

93,90

91,32

88,11

BBB
…
85,61%
…
84,39

weighted mean

=

BB

B

CCC

D

1,81%

0,53%

0,21%

0,43%

81,63

79,05

72,20

53,00

NR
…
6,29%
…
83,782

83,31

If the obligor maintains the BBB rating, the present value of the debt will in our example
be CZK 84.39 million. If he/she is reclassified into CCC, the present value of the debt
drops to CZK 72.20 million, and so on. Thus, the expected value is, Eq. 1.
9

Ε[Value of debt ] = ∑ prob. of trans. BBB ,i * value of debt i =
i =1

(1)

= 0.0 * 93.9 + 0.0021 * 91.32 + 0.049 * 88.11 + 0,8561 * 84.39 + ... + 0.629 * 83.782 = 83.31

32

As it is not publicly available, we may of course only presume what the Standard & Poor’s methodology
is. It is possible that the computation of the yearly matrices does include some stage-of-the-cycle sensitive
steps and is not based on historical averages only.
33
Debtors as well as particular payables can be rated. For simplicity of exposition we assume these are the
same.
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from which we see it is a simple weighted mean, with weight being the probabilities of
transition. We can also say, that there is a 5.11% (= 4.9%+0.21%) probability, that the
value of the debt goes above CZK 88.11 million or,
Fig. 12
that a probability of the loss being greater than CZK
.9
5.34 million (migration to B or lower) is 1.17%,
.8

1 year
i.e.VaR98
.83% = CZK 5.34 mil , see Assets (loan)

.7
.6

Probability

value distribution in Fig. 12.
.5
.4
Further on, this calculation is applied
.3
successively to all assets in a bank loan portfolio
.2
.1
regardless of its rating, using all of the
.0
80
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probabilities in a given transition matrix. From
P o r tf o lio v a lu e
these repetitions, the risk manager obtains the
expected value of the portfolio and Value-at-Risk at a chosen significance level.
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2.4 Methodology of CreditPortfolioView- type of CRM models
In CreditPortfolioView, characteristics of a loan portfolio, i.e. default and transition
probabilities, are explicitly linked to macro situation34. Some models deal with cyclical
factors by dividing the past observations into recession and non-recession years,
calculating two separate transition matrices used in two VaR calculations according to the
prevalent business stage. McKinsey’s CreditPortfolioView directly models the relationship
between the probabilities of a transition matrix (which is the principal, user supplied input)
of a credit portfolio and complete macro series such as the interest rate, growth rate,
unemployment, etc. Thus, this method requires a history record of transition
matrices/probabilities or, if we model the probability of default only, series on the default
probability such as in Fig. 13, where 2002 -2003 series on default rates of different
German sector can be seen as an illustration.

34

Because the original McKinsey’s CreditPortfolioView document is not publicly available, the above
analysis of is based on Saunders (1999), Derviz, Kadlčáková (2001) and Kern, Rudolph (2001). More on this
can be found in Wilson (1997a, 1997b). Original documentation is in McKinsey and Co. (1997), Credit
Portfolio View. New York.
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Fig. 13

Probability of Default
Businesses by branches of economic
2002
activity*
Agriculture, hunting and forestry
N.A.
Fishing
N.A.
Mining and quarrying
1,21%
Manufacturing
1,50%
Electricity, gas and water supply
0,25%
Construction
2,85%
Wholesale and retail trade; repair of motor
vehicles, motorcycles andpersonal and
household goods
1,04%
Hotels and restaurants
1,07%
Transport, storage and communication
1,93%
Real estate, renting and business activities,
etc.
1,05%
Education
0,54%
Health and social work
1,34%
Other community, social and personal
service activities
0,60%
* Classification of Economic Activities, 2003 edition, of the Federal Statistical Office
small business
35
Source: Federal Statistical Office Germany and own calculation.

2003
N.A.
N.A.
1,05%
1,58%
0,25%
2,71%
1,10%
1,25%
2,05%
1,11%
0,76%
1,55%
0,67%
Germany including

The basic idea can be best explained by once more describing the transition matrix.
The transition matrix is a tool in which the obligors are grouped according to a particular
debt classification rating methodology and where probabilities of migration between these
rates and of a default during a period are calculated based on historical observations36.
Transition matrix is calculated for debtors grouped by whatever relevant criterion, in
CreditPortfolioView most often by the sector. CreditPortfolioView-type of CRM models
assume that the migration probabilities change during the course of the business cycle probability of a downgrade is higher in lows and conversely lower in economic booms
when businesses generally prosper. Accordingly, an increase in the probability of a
downgrade, or a default, is accompanied by a decrease of the values of the resting
probabilities, as lines in the matrix sum up to one. As Saunders (1999) puts it: “The mass
of the probabilities in the transition matrix moves increasingly southeast as a recession
proceeds.”
Once the historical transition probabilities are computed, macroeconomic series
suitable to represent (the systematic risk of) the downgrade of given sectors are chosen. In
particular, the probability of default/downgrade is modeled as:
pt = f (M 1 , M 2 ,..., M m )

(2)

35

Source: http://www.destatis.de/basis/e/insol/insoltab1.htm.
Principally, the rating system can be one of the notorious rating system, such as Standard and Poor’s or
Moody’s, or any sort of internal credit / investment classification or scoring system.
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where pt is the probability to default/downgrade at time t, f is an appropriate functional
form and Mi ‘s are the macro variables (and their lags) best describing the past fluctuations
in pt a in given sector. Alternatively specification of f in Eq. 2 can be used; the original
formulation uses logistic function and estimate it by non-liner OLS. 37
In the next step, the method forecasts the future values of the macro factors (either
inside the model by auto-regressive and moving-average processes, or externally supplied
as later in this work) to directly obtain sector estimates of future conditional probability of
default/downgrade.
The conditional (computed) probability is then compared to the unconditional (long
term average) probability. Generally, if the ratio is greater then one (in recessions), the
unconditional transition matrix (based on historical credit rating data) will underestimate
the risk of default and vice versa. Suppose, for example, that the computed probability of a
C-rated borrower to default over the next year is pt* = 0.35, while the unconditional
historical probability is pt = 0.3. The ration of the two is thus for the period t defined as rt
= pt*/ pt = 0.35 / 0.3 = 1.16 and the unconditional transition matrix is adjusted to give
greater probabilities on downgrades and lower to upgrades. In our example, 0.3 is replaced
by 0.35 and the rest of the probabilities is adjusted correspondingly by specific
procedures38 so that the row-100% summation condition hold. Similar ratios can be
calculated also for the following periods and can yield conditional estimates of the
transition matrix in the future reflecting the simulated effects of the macro economic
shocks on the transition probabilities.
As a results, CreditPortfolioView-type of estimation can be used along the estimation
of portfolio value distributions employed in Value-at-Risk calculations (for example in
CreditMetrics). CreditPortfolioView-type of CRM model is quite demanding on historical
data but its transparent linkage of the downgrade and the overall economic conditions is
attractive. According to Kahn and Rudolph (2001) it may be especially beneficial for
speculative grade exposures and internationally diversified credit portfolios as the former
significantly responses to the business cycle and the latter provides sufficient amount of
relevant data as inputs for the calculation.

37

In the original, Wilson (1997a) models this relationship by a logistic function: p t = 1 /(1 + e Yt ) , where Yt is
an index that depends on the set of m macroeconomic factors at time t and on (standard normal) innovations
m
Yt = a 0 + ∑ ai M i ,t + η t . In turn, the macro variables are assumed to be determined by their history (an AR
i =1

process) and by a random innovations.
38
Different types of regression of each of the matrix element on the ratio rt can be used to do this.
CreditPortfolioView used a “shift-operator ” to move the probability mass. For description see Wilson
(1997a).
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2.5 CreditPortfolioView-type of Model: Empirical Investigation
on Czech Business Data
2.5.1 Credit Data Description
Empirical estimation of the afore suggested link is39 performed on a simulated portfolio of
major Czech companies observed during the period 1995 till 2001 and originally formed
by M. Neprašová in her 2003 dissertation, see Neprašová (2003).
To quantify the impact on regulatory capital requirements of the NBCA through
application of several NBCA-proposed credit risk management models, Neprašová
ingeniously formed a hypothetical portfolio of 73 selected Czech companies looked upon
over the period 1995 to 200140. For the firms, yearly company credit ratings were recorded
to compute yearly probabilities of migrating from one rating category to another. These
transition probabilities served in construction of six yearly 1995/1995 through 2000/2001
transition matrices, which were in turn averaged out in order to obtain a 1995-2001
”typical” transition matrix entering the CreditMetrics type of VaR calculations.
The credit ratings were either externally assigned by Standard & Poor’s or computed
by the author in the case, the ratings was missing as certain companies were rated only at
certain times, or not rated at all. Neprašová evaluated the relationship between the
companies’ general financial performance (liquidity, indebtedness, interest coverage,
profitability, operational activity, etc.) and their existing rating. By the means of a linear
regression of the ratings on a selection of 22 financial ratios several good indicators of the
Standard & Poor’s rating were found and used to predict them41. For a discussion on the
quality of the portfolio, on the artificial rating and further details, see Neprašová (2003, pp.
72-94).
In our analysis we work with the rating of those companies whoch were observed for
the whole 7-year period. This condition is fulfilled by 60 out of 73 firms. We therefore
dispose of 420 data points corresponding to 60 cross-sectional units/companies.
An important fact is that our 1995 to 2001 data set covers practically the whole
Czech economy business cycle, which is essential for the presented analysis42. The seven
39

Thanks to the courtesy of M. Neprašová, PhD who provided the author with the data.
Selection criteria were: i) the size - the companies are major players, all included in the 1998 greatest 100
of The Prague Business Journal, ii) representativity - the portfolio comprises firms producing and/or selling
wide range of services (utilities, manufacturing, mining, chemicals, construction, food industry, transport and
telecommunication, etc.), yet stress is put on iii) homogeneity - financial institutions, retail chains and
holding companies are excluded as the structure of their financial statements differs and comparability is a
precondition for building of a common transition matrix. For a complete list of companies see Appendix 5.
41
Alternatively, we could replace this simple approach by estimating the missing ratings by Ordered Logit
Model, which would be extremely suitable technique for this task. It is the author’s intention for future
research to run the whole model based on ratings computed by the Ordered Logit Model methodologically
following, for example, Derviz and Podpiera (2004).
42
The view that these years’ data are sufficient to cover the Czech economy business cycle is supported also
by a prestigious unnamed sources at the Czech National Bank.
40
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years include the 1995-1997 downturn with the 1997/1998 recession followed by
subsequent upward trend. Also the shape of the paths of the interest rates set by the Czech
central bank, which is close to “inverted U-shape”, corresponds to almost full cycle.
Fig. 14
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During the whole period 1995 – 2001, the mean of the rating stayed above the
median (Fig. 14), reflecting the fact that majority of the observed companies were graded
better than average, that the distribution of ratings was skewed rightwards due to a
minority group of outlying low-graders (we can say notorious ones as the names in this
group were hardly altering). After the year 1998 the rating mean and the median started to
became parted even more - the mass of low-graded companies relatively increased as the
number of very good graders remained similar. Also some companies formerly rated close
to the average became worse off, see Kernel density (Epanechnikov, with Silverman
bandwidth selection) estimates of the portfolio companies’ credit rating distribution in the
years 1995, 1997, 200043, Fig. 15. Numerical rating corresponds to Standard & Poor’s
rating categories and can be decoded by the next table, Fig. 16.
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Interestingly, the “inequality” in ratings (measured by mean-median spread) was the
lowest in the year 1997 which coincides with the year of the greatest positive observed gap
43

The goal of density estimation is to approximate the probability density function of a random variable.
Kernel density estimation is a non-parametric method. For more see Silverman, B.W. (1986) Density
Estimation for Statistics and Data Analysis. Chapman & Hall.
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in product (GDP) which further on points back to the expectation that the low-graders
should be most sensitive to the business cycle.
Fig. 16
S & P’s
AAA
AAAAA+
AA
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A
ABBB+
BBB
BBBBB+

Numerical
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The above described macroeconomic time series spann from 1994 till 2001. The data
are yearly and come from the International Financial Statistics (IFS) of the International
Monetary Fund. They are monetary data, statistics on prices, employment, international
trade, government finance and statistics from the national accounts. Index variables such as
CPI are related to the base year 1995. Volumes such as Exports are expressed in 1995 real
prices. For overview of the “macro” variables see table below, Fig. 17.
Fig. 17
Name
MMR
TBR
PP
CPI95
INDP
INDPEMP
E
U
URATE
EX
IM
TB
GDEF
GDP
GDP95
GDPDEF

Unit
Percent per annum
Percent per annum
Index number, 1995 = 100, period average
Index number, 1995 = 100, period average
Index number, 1995 = 100, period average
Index number, 1995 = 100, period average
Number in thousands, period average
Number in thousands, period average
Percent per annum
Millions of CZK
Millions of CZK
Millions of USD
Billions of CZK, year end December 31
Billions of CZK, year end December 31
Billions of CZK, year end December 31
Index number, 1995 = 100

Description
Money market rate
Treasury bill rate
Producer prices
Consumer prices
Industrial production
Industrial employment
Employment
Unemployment
Unemployment rate
Exports
Imports
Trade balance
Government deficit (-) or surplus (+)
Gross domestic product
GDP volume 1995 prices
GDP Deflator (1995 = 100)

Besides these data, we also calculate gap of the product, GDP95GAP, calculated as
the difference between real product, GDP95, and its trend computed by Hodrick-Prescott
(HP) filter (see below), HPTRENDGDP9544. The same procedure is applied also to GDEF

44

Hodrick-Prescott filter is a time series smoothing out method used for macroeconomic series. For example,
Hájek and Bezděk from the Czech National Bank apply it as one of the key method for estimating GDP gap
in their 2000 working paper, ie. Hájek M., Bezděk V. (2000). Odhad potenciálního produktu a produkční
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to calculate “a gap” in government’s deficits, ie. to define periods when the (permanent)
government deficit is out of line with deficits in other years.

2.5.2 Modeling approach
In many papers, structural modeling of changes in the credit quality of a firm presupposes
the underlying asset value to be the principal credit quality driver. For example, Bangia,
Diebold, Schuermann (2000)45 assume that the changes in the firm’s asset value are related
to systematic factors - the state of the economy. Their modeling approach is characteristic
of studies of this type and can be described as
∆A j = α j ξ + σ j ε j ,

where ∆A is the change in the j-th firms’s asset value, ξ is the systematic risk factor
denoting the state of the economy, ε is a disturbance term, αj is the parameter by which the
firms value is linked to the economic factor and σj is the proportion of the asset value
volatility not attributable to the systematic factor.
Grossly speaking, the above specification lies behind estimation in a large number of
empirical studies. Specifically, Bangia, Diebold, Schuermann work with a 1981 – 1998
Standard & Poor’s CreditPro™ database of mainly US obligor ratings, which they divide
into recession and expansion years. On the two samples, they estimate the migration
probabilities of two transition matrices and by numerous methods they confirm their
statistically significant difference. From these conditional matrices they then derive
portfolio loss distribution conditional on the state of the economy. Similarly, Rösch (2003)
utilizes portfolio version of exactly the same specification in one step of his calculations
and finds it appropriate and good as well.
The approach in this work is nevertheless a little bit different. There is no ex post
differentiation of the sample periods, nor is it the transition probabilitie tight to business
cycle. We go into more depth and deal directly with particular credit rating history of each
firm in a database of Czech companies. This approach provides us with significantly more
degrees of freedom, since the migration probabilities are base only on rating aggregation.
The systematic (macro) economic factor is then the driving force for changes in the credit
ratings (expressed in numerical form) in a panel data analysis.46 Microeconomic firm
specific shocks to the rating, brought about, for example, by the some managerial decision
(technological upgrade, downsizing, etc.), are assumed to be captured by firm specific
intercepts. Changes in firms’ competitiveness, financing and other features influencing the
mezery v ČR. ČNB WP no. 26. HP filter is also a method which is officially recommended by OECD for the
developed countries, Hájek, Bezděk (2000).
45
See Motto.
46
The formulation of the model follows panel data estimation specification as explained, for example, in
Jurajda (2003) or Kmenta (1996).
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rating are attributed to the intercept and not to the disturbances as well. In opposite case,
the disturbance would not be random variable (normal) and would have to be specifically
modeled.
To technically represent the described structure, we can think of a model which can
be written as:
rit = α it + m jt β jt + ε it ,

(3)

with i = 1, …, N, j = 1, ... k, and t = 1, …, T, or
R = M β + ε ,

NT ×1

NT ×k k ×TN

(4)

NT ×1

where rit is the dependent rating category, Mit is a [k x 1] vector of the explanatory
(macroeconomic) variables and βit is a k-vector of parameters for i = 1, …, N cross section
units (firms) observed for t = 1, …, T periods. Capital R, M, β and ε are the respective
matrix notations; individual values of “R minus ε” lie on the main diagonal of [NT x TN]
product of M and β.
The first thing to do in the formulation of the model is to fix elements of [k x TN]
matrix β across either dimension. There are only NT observations so βit’s cannot be
estimated. Natural way to do this is to assume N cross-section company specific sets of
parameters, where βit = βi, ∀ t. In our case, however, we opt not to track how βit‘s differ
across companies either, instead, we assume common regression coefficients. The
dimension of matrix of the regression parameters then narrows down to a [k x 1] vector and
the representation writes
R = M β+ ε .

NT ×1

NT ×k k ×1

(5)

NT ×1

The shape of the residual covariance matrix determines further steps of the estimation

methodology. The residual covariance matrix is given by Ω = Ε[εε ′] . If the covariance
structure reveals cross-section homoskedasticity or if cross section heteroskedasticity is
present, see illustrative Fig. 18, yet the βi’s are

Fig. 18
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covariance matrix Ω ≠ σ I N ⊗ I T = σ I NT any more, it looks like Fig. 18.
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Ridding us of heteroskedasticity includes estimating variance of residuals coming
form individual companies’ rating regressions, σi2’s in Fig. 18. This can be done by per

1
T
eit2 . Having obtained consistent estimator of σi2’s,
∑
T − k t =1
we make the observations subject to transformation in which we divide both sides of Eq. 3
by the corresponding estimate.
In the presence of autocorrelation, the estimation would require dividing the latest
)
formula by 1 − ρ i2 , where the latter component is a consistent estimator of the residuals
)
partes application of σ i2 =

autocorrelation coefficient. Indeed, Later on we shall also reveal that the efficiency of the
estimation and the explanatory power increases if we correct for time-wise autocorrelation
of the companies’ ratings (tested by common procedures). The remedial methodology used
is the following.
In the presence of autocorrelation, Each diagonal element of the [NT x NT]
covariance matrix Ω of the residuals from the panel estimation can be written asd

ϖ ii = σ i 2V[T ×T ] . The out-of-diagonal elements of the matrix remain 0’s since we model
cross-sectional independence. We write V and not Vi since the disturbances are modeled to
have a common stochastic process with the same ρi’s, ie. ε it = ρ * ε i ,t −1 + ξ it , and thus the
same V matrix
 1

ρ
V =
 M
 T −1
 ρ

ρ
1

ρ

M

T −2

ρ2
ρ
ρ

M

T −3

L ρ T −1 

L ρ T −2  .
M
M 

L
1 

To get rid of the autocorrelation, we need to estimate the elements of V. We can employ
some of the notorius textbook iterative procedures such as Hildreth-Lu or Cochrane-Orcutt
where consistent estimates of ρ are arrived to by the means of iterating estimation of ρ
(first equation below) and the Prais-Winsten transformation of each or the series
(i = 1, …, N) (2nd and 3rd equation):

∑ ∑ ee
ρ=
∑ ∑ e
)

N

i =1

T

t = 2 it i ,t −1
T
2
i =1
t =1 it
N

 1 − ρ) 2 * r 
 1 − ρ) 2 * m 
i1
i1




)
)
r
ρ
*
y
m
ρ
*
m
−
−




i1
i1
and ri* =  i 2
, mi* =  i 2

.
M
M




)
)
riT − ρ * ri ,T −1 
miT − ρ * mi ,T −1 

When the estimation of the autocorrelation coefficient is done, consistent estimates of
Var(β) are obtained by the outlined Prais-Winsten transformation of the variables47.

47

Parks estimator correcting for both heteroskedasticity by feasible GLS and contemporaneous correlation
cannot be applied as the number of cross-sections largely exceeds the number of observations.
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Thanks to the modern statistical packages it is possible to use more advanced
techniques to estimate ρ to be utilized in the transformation and to alleviate the
disadvantages the iterative techniques facing our using lagged ri‘s. Instead of the classical
procedure we rely on nonlinear regression of the original equation to which the
autocorrelation specification is inserted and all the coefficients are then simultaneously
estimated by applying a Marquardt nonlinear least squares algorithm, Greene (1997),
Hayashi (2000).
Hodrick Prescott Filter
The Hodrick Prescott Filter is a method used to obtain a smooth estimate of the longterm/trend component of a given series, Hodrick and Prescott (1997). We use it to compute
GDP95GAP, Fig. 19.
It is a two-sided linear filter that smoothes a series by minimizing the variance of
given series around the computed trend variable, subject to a penalty parameter that
constrains the second difference of the trend. That is, the filter chooses a trend which
minimizes Eq. 6:
T

T

t =1

t =2

2
2
∑ ( yt − trend t ) − λ ∑ ((st +1 + st ) − (st + st −1 ))

(6)

The penalty parameter λ controls the smoothness of the series trendt. The larger the λ, the
smoother the trend2 and as λ →∞, trend2 approaches a linear trend. In our case we choose
λ = 100 as this is a value suggested by the authors for yearly data.
Fig. 19
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2.5.3 Empirical Results
Our proxies for the “systematic” factor are fairly simple. As described above, we do not
utilize various “business climate” indices, as some studies do, but rather we employ the
gap of GDP, the inflation and the unemployment instead, and a few other variables. The
first fitted specification is
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K

rit = α i + GDP95GAPt β + ∑ δ k rit − k + ε it .

(7)

k =1

Inserting lagged value of the rating is not ungrounded. It is underpinned by the empirical
observation that rating agencies are unwilling to change the assigned rating if the decision
is likely to be reversed shortly afterwards in order to avoid rating volatility, Daníelsson,
Embrechts, Goodhart, Keating, Muennich, Renault and Shin (2001) and various other
studies.
Using White’s heteroskedasticity consistent covariance estimator48 and setting
optimal K49 to offset autocorrelation, the equation is estimated by pooled least squares:
)
)
rit = α i − 0.005859 * GDP95GAPt + 0.451240 * rit −1 + 0.035304 * rit − 2 + ε it .
(8)
)
0
.
003
*
(
)
(0.061)**
(0.063 )
(α s ' SE 's )**
i

2

R = 0.86 (0.82)
** statistically significant at 5%
* statistically significant at 10%

R-squared is 86% (adjusted R-squared equals 82%). Estimates of both the first-order rating
autocorrelation coefficient and company specific parameters are statistically significant at
5% significance level (s.l.). The coefficient at the lagged value of rating is 0.451, which is
not surprising as this reflects the underlying stickiness of firm rating. Higher lags are
insignificant.
The estimate of the coefficient of GDP gap, representing the CreditPortfolioViewtype of relationship, is significant at 10% s.l and equals -0.005859.50 As the economy’s
product is above its trend, as there is a boom in the country, the firms’ credit rating goes
down, which in the current set-up means the credit quality is improving, the mass of
probability in the transition matrix moves northwest toward better grades. For instance, in
1997, the actual product climbed up above its trend by some CZK 50 billion. The overall
credit rating of the simulated portfolio went up by 0.3 of a credit rating grade and by more
then one grade for more then 20% of the companies in question., so that, e.g., a BBcompany would qualify it for BB, etc. So, we see by this simple inspection the historical
gap numbers that output indeed seems to coincide with the credit cycle.
Several other specifications (different GDP95GAP lags) and estimations techniques
(fixed effects, common intercept, GLS weighting) were tried out, yielding in terms of
statistical significance no better results when GDP95GAP stands alone.
However, if we add some other macroeconomic variables as regressors, we reach
some interesting results. If we insert current Consumer Price Index, see Eq. 9, and apply
48

This variance estimator is robust to heteroskedasticity across cross-sections and within cross-sections
across time, but does not account for the possibility of contemporaneous correlation across cross-sections.
49
Optimal number of lags is determined by inspection of t-statistics corresponding to particular lag-length.
50
Seemingly low value of the parameter is given by the scaling of the regressor. If we measure gap of GDP
in hundreds of billion instead of billion, the coefficient jumps up to -0.5859.
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feasible GLS with cross section residual variances weights assuming the presence of crosssection heteroskedasticity and time-wise autoregressive residuals with common AR(1)
term (based on the assumption of the same level of time-wise persistence of the rating) we
obtain:
)
rit = − 0.005466 * GDP95GAPt + 0.105275 * CPI 95 i + 0.8 * rit −1 + ε it .
(9)
(0.002 )**
(0.003 )**
(0.025 )**
Weighted R2 = 0.95% (adjusted R-squared equals 95%), unweighted R2 = 72% (adjusted R-squared equals
71%).

DW-statistic is 0.671 in the absence of laged r. If we include lagged value, there are no
more autocorrelation signs and coefficient estimated is 0.8 and is significant at 5% s.l.
The interpretation of the estimate of the sensitivity of general credit rating level to
changes in the size of output gap remains the same as in previous case: its value is –
0.005466, the estimate is significant at 5% s.l. Parameter at CPI95 is equal to 0.105275
and is highly significant. The sign of this estimate suggests that credit rating of the
simulated portfolio reacts to increases in CPI in reverse direction as to the increases in the
gap. A 1 p.p. increase of CPI leads to a 0.11 increase in the rating grade, i.e. to slight
worsening of the credit standing. Let’s now perform an inspection of the historical values
again. According to this, one would expect the overall impact of CPI on the overall rating
standing to be the most visible in the years 1997, 1998 and 1999 when the CPI reached the
highest, see Fig. 20. All we can say is that we cannot document this in the cases of rating
mean or median. Either the CPI’s influence is suppressed by other determinants or its
impact is not visible for the average/median values, Fig. 20.
Fig. 20
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As regards the rest of the variables, we can say the following. Neither the
government deficit nor the “gap” in the deficit showed in our sample significant across a
wide range of specifications and estimation techniques. Similarlz, none of the other
variables proved significant, but the unemployment.
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A very strong relationship can be found between ratings and unemployment measured in
absolute value, in 1st differences or year-on-year percentage change. See the graph of
Rating mean and Unemployment with their calculated HP trends in figure below, Fig. 21,
where preliminary correlation can be detected visually51. The specified equation (Eq. 10)
is:
K

rit = α i + U t β + ∑ δ k rit − k + ε it ,

(10)

k =1

where Ut stands for unemployment expressed in absolute terms.
Estimation by Fixed-effect GLS with cross-section weights yields for the
unemployment in absolute value
)
)
rit = α i + 0.001453 * U t + ε it ,
(11)
(0.0003 )**
Weighted R2 = 0.98% (adjusted R-squared equals 98%), unweighted R2 = 74% (adjusted R-squared equals
70%).
Fig. 21
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A number of further specification look reasonable too. For example, see Eq. 12 and Eq. 13.
)
)
rit = α i + 0.001906 * (U t − U t −1 ) + ε it ,
(12)
(0.0007 )**

Weighted R2 = 0.98% (adjusted R-squared equals 98%), unweighted R2 = 78% (adjusted R-squared equals
74%).

)
)
rit = α i + 0.5324 * (U t − U t −1 ) / U t −1 + ε it ,
(0.196 )**

(13)

Weighted R2 = 0.98% (adjusted R-squared equals 98%), unweighted R2 = 78% (adjusted R-squared equals
73%).

Almost identical results hold also for the unemployment rate. This should not be
surprising when we find that over the given years percentage changes in labor force (below

51

One could oppose the conclusion of the visual inspection by mentioning spurious regression. However, the
author sees no straightforward rationale for assuming common long-term trend of the two variables.
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1%) were in comparison to percentage changes of unemployment (10’s of % and up to
35%) negligible and so unemployment rate copied movements in unemployment.
2 More Estimation Approaches
1. As we have seen above, the original CreditPortfolioView specification uses logistic
transformation, where PD is the explained variable and the expanatory variables are macro
“factors”. When we substitute for the probability of default (downgrade) by principally
similar variable, the ratings, and estimate a logistic specification given by Eq. 14.
rit =

1
,
1 + exp(m jt )

(14)

as a panel, we receive results quite similar concerning direction and magnitude of
parameters as from the above specifications. In this setup, the ratings are dependent on
GDP95GAP - the dependence is exponential so the rating increases faster with growing
GDP95GAP. On the other hand, in comparison to the simpler linear specification we have
not been able to establish a firm significant relationship between the ratings and CPI95.
Due to this and also because the interpretation is much simpler in case of the linear
estimations, the latter are preferred.
2. At the very beginning of this thesis the estimation idea was a bit different. We
thought of linking the macro-variables to probabilities of default and downgrade directly.
According to BCBS, when estimating an average one-year probability of default to be used
in IRB model a bank needs to rely on long run experience. The Basel Committee requires a
minimum of five years of observation and ideally it should cover the whole economic
cycle. Here, we wish to have the probabilities of transition to cover the whole cycle, too.
However, we cannot afford to work with PD series for each grade. In fact, we have only
few complete series - series on downgrades.
We followed the companies and their rating for 7 years from 1995 to 2001. This
gives us 6 yearly transition matrices of migration probabilities among the 6 rating grades.
Ideally we could have 36 series, each one with 6 yearly entries, of migration probabilities
between each and every of the rating grades. Unfortunately, most of the series are
incomplete. There are only five series for which we find data for all 1995/1996 through
2000/2001 periods. Uninterrupted series are BB-B, B-C, and C-D, with plenty of
observations, and also A-BBB, BBB-BB, with a few data. This has been viewed as too few
data to built a model over them and so an alternative methodology (see above) has been
devised.
In this section, we have seen we can establish the relationship in question based on
empirical evidence quite well. The most convincing and conclusive variables determining
the quality of credit of our simulated portfolio of major Czech companies are the GDP gap,
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several measures of unemployment and the inflation measured by CPI. For an example of
a practical usage of this analysis in banking, see the following section.

2.5.4 Calculation of CreditMetrics type of Portfolio Value Distribution
and Economic Capital Conditional on the State of the Economy
(Copying CreditPortfolioView)
In this section, we calculate the conditional rating distribution and conditional migration
probabilities and use it in refined, conditional determination of the economic capital by
CreditMetrics type of VaR. We also calculate an unconditional version of VaR and
compare these two. We do this in two steps. In the first step, we perform the Value-at-Risk
calculation under unconditional transition probabilities obtained from one of the transition
matrices. In the successive VaR calculation, we run an “as-if” exercise in which we
illustrate the impact of hypothetical macroeconomic shock onto the value of required
capital through adjusting the transition probabilities. To do this we use the results of
previous analysis.
In the section 2.4, we explained and performed a short analytical VaR calculation. In
the banking practice, however, the calculation is a bit more advanced. The derivation of
the portfolio value and of the economic capital is not analytical. These measures are most
often achieved by the means of a Monte Carlo simulation in which we simulate the
portfolio value distribution at a selected horizon. Based on this distribution, economic
capital at different confidence levels can be calculated.
The principle (portfolio) value driver in CreditMetrics-type of risk models is the
change in the credit quality. The credit quality of an asset, or of the portfolio at large, is the
subject of simulation. First, it is assumed, that the movements of debtors along the rating
scale are governed by the Normal distribution.52 At every step of the simulation as many
independent random numbers as there is loans/assets in the portfolio are drawn53.
Comparing these draws to predetermined thresholds we re-rate the companies and so we

52

This assumption can be altered and Normal can be substituted by a different type of statistical distribution.
Indeed, the assumption of Normal is subject to frequent critique from two perspectives. First, the true
distribution can have different shape - fat tails, etc., and second the true distribution can be different for
different rating grades, times, sectors, etc.
53
A number of studies introduce correlation among these draws as an important factor influencing risk.
However, here we choose not to do this and refer once more to Rösch (2003), who, in an extensive empirical
investigation of German defaulting businesses, found out that the correlations can be attributed to common
observable risk factor. By this factor the author means the business cycle which can lower the correlations
significantly when accounted for, for example from 3.5% to 0.16% in the metal industry with the highest
correlations or from 1.5% to 0.036% in the construction sector. In several sectors, the correlations ceases
from statistically significant difference from zero.
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simulate the credit quality change of each firm54. Similarly to the treatment above, each
loan i is then revaluated according to Eq. 15,
Ti

Loan valuei = ∑
t =1

paymenti Face valuei
+
t
T
1 + rRC j
1 + rRC j i

(

)

(

)

(15)

where paymenti is the annual loan interest payment of the given debtor, Ti is the maturity
of his/her debt, Face valuei is the loan face value paid at maturity, rRCi is the discount rate
corresponding to the particular rating grade to which the asset i classified at each round of
the simulation. Values of rRCi are driven by credit spreads over the default-free yield. The
resulting discount rate for particular rating grades can be summarized by a computed
forward zero curve (FZC). In our case, one-year U.S. FZC is taken over from CMTD
(1997) and can bee seen in Fig. 22.
Fig. 22
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In the case of simulated default, we do not evaluate the debt according to Eq 15., we rather
compute the recovery value by multiplying the credit exposure and the relevant recovery
rate according to seniority class of a debt55.
Finally, a simulated Portfolio value is obtained as a sum of the simulated values of
each and every asset in the portfolio. Simulated Portfolio value distribution is yielded by
numerous repetition (several thousands) of the above procedure in the Monte Carlo setup.
Adjusting Transition Probabilities
Now that we have become familiar with the general setup of the CreditMetrics type of
calculation, we describe the calculation carried out at this place. We shall perform the
calculation first using the unconditional 2000/2001 transition matrix and second using a
transition matrix derived from the 2000/2001 one, adjusted for the conditional impact of
macroeconomic development. We set a scenario of macroeconomically adverse conditions

54

Simulation of a change in credit quality does not mean we inevitably shift the companies across the rating
scale. Conversely, a bulk of the companies remain in the same category because the thresholds are set so that
the probability of migrating comply with the starting distribution of transition probabilities.
55
The recovery rate is the portion of credit exposure a creditor is able to gain as return to his/her loan from a
defaulting debtor. The recovery rates are usually classified according to seniority class. For example, Carty
and Lieberman (Carty, L. V., Lieberman, D. (1996). Corporate Bond Defaults and Default Rates 1938 –
1995. Moody’s Investors Service, Global Credit Reseach) compute average recovery rates and their standard
deviations in % of face value:
Seniority Class
Senior Secured
Senior Unsecured
Senior
Subordinated
Subordinated
Junior Subordinated

Mean (%)
53.80
51.13
38.52

Standard deviation (%)
26.86
25.45
23.81

32.74
17.90

20.18
10.90
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in a magnitude capable of provoking sustantial increase (ie. worsening of credit) in the
average level of rating.
According to the estimates of the „credit quality - macroeconomic development”
link, Equations 7 - 13, macroeconomic shocks capable of inducing sustantial rating
worsening can for example be one of the following:
1. Gap in current GDP equals to CZK -85.34 billion, Eq. 7. The maximum recorded
GDP gap is 33.14 billion, the minimum is -26.04 billion. The required number is thus
quite large but as we find ourselves in an illustration sphere it is acceptable.
2. Current CPI inflation of 4.753% and no gap in current GDP, Eq. 8. As max quarterly
inflation recorder is 6.03%, min is -1.13%, this is also acceptable.
3. Gap in current GDP equals to CZK +4.81 billion and 5% CPI quarterly inflation
(21.55% yearly inflation), Eq. 9, which we can also understand as illustrative values.
Next, we take the externally assigned rating, where applicable, or implied rating of
each firm, and adjust it according to the macro shock. In the case of each of the shocks, the
rating worsens by 0.5 grade. Thus, e.g., the company OKD, a.s. who’s implied numerical
rating in 2001 is 7.27 (rounded to grade A), downgrades in our hypothetical macro-shock
example to 7.77 or A-. ŽS Brno, a.s. hypothetically qualifies from 11.39 or BBB in 2001 to
11.89 or BB in the hypothetical model, for Třinecké železárny, a.s. we hypothecise no
change in rating grade for 9.98 and 10.48 both corresponding to BBB, and so on for all the
companies included in the portfolio56.
Next, we calculate the transition probability matrix based on the reclassification step
from the 2001 ratings to the scenario rating distribution. The new 2001/scenario matrix
can be imagined as the 2000/2001 transition matrix with the mass of the probability shifted
slightly to the East.
Computing Thresholds
The last thigh to introduce before the VaR is the thresholds used in the simulation. The
empirical historical 1995 – 2001 distribution of the ratings of the portfolio companies
serves as a benchmark for setting the dividers of random normal draws into the rating
categories. For example, the empirical probability of a company to be rated higher or equal
to A+ is 4.8%, so the thresholds between A+ and A is then for draws from Normal (0, 1)
set at –1.66 which is the value of Z corresponding exactly to lower 4.8% of cumulative
distribution of the standard normal. Thresholds to all grades are together with the kernel
estimate of the rating distribution shown in Fig. 23.

56

Note that all of the companies in the simulated portfolio are rated. There is no “NR=Not Rated” case.
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Fig. 23
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Now, we will see what the new conditional values of the transition probabilities do to
the VaR estimates in the case of the macroeconomic downturn scenario.
The exercise simulates credit quality development of a portfolio containing 60 firms. For
the clarity of exposition and calculation we assume that each company holds a senior
secured debt with a 1-year maturity, all coupons paid and resting par value of USD
1,000,000. We run the simulation 5000 times for each of the two scenarios.
In the following figures, Fig. 24, we can see the visual outcomes of the 5000 Monte
Carlo VaR repetitions - the empirical probability distribution functions (histograms) of the
Portfolio values coming out of the two simulations. The first – the unconditional – set of
Portfolio values: mean value is USD 26.768 million. The maximum simulated value is
USD 27.710 million out of the possible USD 29.7 million in the case all of the companies
would rate A+ every time. Minimum value is USD 24.216 million. Standard deviation
equals 0.489. Jarque-Bera test clearly rejects the hypothesis of normal distribution. The
empirical distribution of the second – the conditional – set of Portfolio values: mean value
is USD 26.690 million. The maximum simulated value is USD 27.693 million. Minimum
value is USD 23.763 million. Standard deviation equals 0.491. Jarque-Bera test rejects the
hypothesis of normal distribution.
Fig. 24
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Due to relatively low number of the Monte Carlo repetitions, the relative position of the
two histograms is not straightforward by a simple eye inspection. Nevertheless, we have
at least two more tools to illustrate the effect of macro-economically adverse conditions,
mediated by the drop in the overall ratings and by the change of the transition matrix, on
the portfolio values and the Values-at-Risk.
We see there is a difference in expected values of the values. The mean value of the
unconditional distribution is 78.000$ higher than the average of the conditional one.
Moreover, the comparison of the kernel density estimates of the two underlying
distributions, third picture in Fig. 24 clearly shows, that the distribution of the first,
unconditional, Portfolio, depicted in solid line, is shifted to higher values from the
conditional one depicted in dotted line.
Finally, the resulting Value-at-Risk calculation, Eq. 16, reflects and mirrors this
difference.
1 year
1 year
Unconditional simulation: VaR99
% = USD 1.306 mil , VaR95% = USD 0.896 mil ,
1 year
1 year
= USD 0.897 mil
Conditional simulation: VaR99
% = USD 1.343 mil , VaR95%

(16)

When we compute 99% VaR assuming normally distributed portfolio values described by
the simulated mean and standard deviation as risk managers in practice customarily do, we
get Eq. 17.

)
1 year
Unconditional simul. (normality): VaR99% = 2.33 * σ = 2.33 * 0.489 = USD 1.139 mil
)
1 year
Unconditional simul. (normality): VaR95% = 1.66 * σ = 1.66 * 0.489 = USD 0.812 mil ,

(17)

which nicely illustrates the fatness of the tails of the simulated distribution when compared
to normal, as well as its skewness.

2.5.5 Practical Importance of the Estimated Results
The above analysis can be useful in two ways. First, it has implications for the banking
practice in computation of appropriate economic (and/or regulatory) capital. Second, it
contributes to the discussion of the pro-cyclicality of the current and soon-to-be valid
banking regulations.
Banks Can Profit from Business Cycle: Making the Economic Capital Calculation
Precise
The empirical investigation shows that portfolio credit quality is linked to business cycle in
the Czech Republic at least in the case of the present portfolio. When this relationship is
accounted for in the credit risk management models it possible can make the calculation of
economic (and/or regulatory) capital more precise and appropriate with respect to the
state of the economy.
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In our case, for example, the shift in the value of economic capital resulting from a
reasonable value of a macro shock would be approximately 3%. In the unconditional case,
when we do not account for the cycle, the 99%, 1 year VaR of our portfolio is USD 1.306
million. In the conditional on the macroeconomy, the economic capital, the 99%, 1 year
VaR, is USD 1.343 million. Thus, if we do take the business cycle into account, a bank
would hold 3% more of economic capital to fully reflect the undergone risk. In an equally
great boom, a bank could benefit from the improved credit quality by freeing some (here
3%) of its retained capital for immediate profit making trade purposes. Generally, taking
into account the phase of the cycle and its impact on the overall creditworthiness and credit
quality of businesses banks are able to protect themselves efficiently while in depression
and to maximally engage their assets in profit generation in economic booms.
Pro-cyclicality of Basel II. and Possible Remedy
Mainly academic critics of Basel II. point at its pro-cyclical nature.57 What can be
beneficial for a single bank (see above), can be detrimental for the banking sector as a
whole. If all banks hold less capital during a boom, the additional lending further supports
the economic growth. Conversely, in a recession, when credit is needed to offset the
adverse economic condition banks would be more strict in lending as they have to retain
more capital. This way, the coming regulation (as well as the described model would be) is
criticized as stressing the cycle and feeding volatility into the economy.
The above analysis is relevant to this point as it i) transparently illustrates the procyclicality of credit risk management models (although CreditPortfolioView is not a model
under the Basel II., yet, the regulations are purposefully made to converge to economic
capital setting tools) and ii) as it leads to a possible remedy. The opponents of the NBCA
suggest not to ignore the business cycle - quite the opposite. They57 think of tracking the
phase of the cycle, too. However, as a remedy they suggest to establish a counter cyclical
capital adequacy rule to offset the swings in the capital adequacy ratio and suppress the
pro-cyclicality of the regulation.

57

More on procyclicality can be found eg. in 1. Altman, E., Resti A., Sironi, A. (2002). The Link between
Default and Recovery Rates: Effect of the Procyclicality of Regulatory Capital Rations. BIS Paper 113., in 2)
Borio, C., Furfine C., Lowe, P. (2001). Procyclicality of the Financial System and Financial Stability: Issues
and Policy Options. BIS Paper 1., or in 3.) Jackson, P. (2002). Bank Capital: Basel II Developments. In:
Financial Stability Review 13. London, Bank of England. December, pp. 103 – 109, and other literature.
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2.6 Summary
In a panel data study we have shown the quality of credit of a portfolio of selected major
Czech companies (measured by Standard & Poor’s and computed rating) is dependent on
macroeconomic variables measuring the business cycle. Among several candidates, the
gap of GDP and the unemployment expressed in a number of ways proved the most
influential. CPI is a significant factor, too. An 0.5 average credit rating downgrade, for
example, is brought about by approximately CZK 80 billion gap in GDP or by just over
4.7% quarterly inflation.
Subsequent application of the analysis to calculation of economic capital by
CreditMetrics-like Value-at-Risk (through Monte Carlo simulation) showed that banking
economic capital (potentially regulatory capital, too) can be determined more precisely
when the stage of the business cycles is accounted for. During a boom financial institutions
can save up to several percents of the economic capital (in our case, the saving was 3%);
when the economy is in a recession and the credit quality falls and financial institutions
retain sufficient amount of their assets.
Further development of the model incorporating the business cycle effect should take
into account sector-wise differences in response to macro development, the suitability of
such models for certain type of credit/assets (lower graded credit, particular sectors
sensitive to economic conditions, large listed companies vs. SME’s) and also the
appropriateness of underlying assumptions regarding migration densities and others.
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3 Other Issues of Credit Risk Management:
Macro-Prediction and Stress Testing
3.1 Macro-prediction for CreditPortfolioView-type of CRM
models
Chapter 2. implies the need for a tool which would enable the user of the cycle sensitive
risk model to recognize and predict the phases of the business cycle. Such a user, a bank,
can either rely on externally supplied information on this, or it can produce its own internal
estimate of the phase of the cycle and a forecast of the macroeconomic variables found
influential to determination of credit risk. Such internal estimates and forecasts are
naturally attainable via a macro-econometric model. In this section, we introduce and
estimate a simple predictive aggregated Czech economy macro-econometric model
suitable for this purpose.
Based on the above calculations we expect such macro-econometric model to be able
to account for the business cycle, the stability of inflation and unemployment (rate). From
a modeling point of view, to represent the economy consistently, the model has to include
also the external balance and the exchange rate block (see below).
The relationship of the CreditPortfolioView-type of CRM model and the Czech
economy prediction model can be represented by a simple chart, Fig. 25.
Fig. 25

GDEF
GDP
INF

Macromodel

CreditPortfolioView
U
EX/IM
ER

1. In between the words “Macromodel” and “CreditPortfolioView” there are all variables
assumed a candidate for determining the credit quality, eg. GDP (gap), the inflation, the
unemployment rate, the trade balance, the exchange rate and the stability of the
government finance, GDEF, the government‘s deficit. 2. Out of that, the variables to which
“Macromodel” is connected by a solid black arrow can be predicted by the model, eg.
GDP, the inflation, trade balance, exchange rate and the unemployment rate. 3. Variables
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for which there is a solid black line arrow flowing from them to “CreditPortfolioView” are
shown to enter the credit quality determination, eg. GDP, inflation and the unemployment
rate. By intersecting these two sets, 2. and 3., we get a clear picture of the link of the
Model to the portfolio quality of credit. The two models are interconnected by GDP,
inflation and the unemployment rate.

3.1.1 Construction of Macroeconometric Model
One such model can be built along the lines of a model built in Mahadeva and Šmídková
(2000)58. This model is a structural business cycle model, built for the purpose of modeling
Czech monetary policy transmission mechanism in order to be able to evaluate the optimal
inflation-targeting horizon and the steepness of disinflation path for targeted rate of
inflation. Unlike other such models, eg. the Quarterly Prediction Model (QPM) of ČNB,
see Beneš, Vávra, Vlček (2002), it is simply manageable and meets the conditions placed
on the selection of endogenous variables. The model’s task, in this case, will be a one of “a
future-teller”; it is used for short- term macroeconomic prediction.
The original model is a structural one and was fit on 1994Q1 – 1997Q4 data. The notestimated coefficients were calibrated, which for Mahadeva and Šmídková, facing rapidly
changing environment of the Czech economy in transition, was a very natural way how to
treat structural breaks and to obtain parameters applicable to near future. Our position is a
bit better. The available data span covers 36 quarterly time periods of time of supposedly a
much more stabilized economic development. So, in this work, we build a model with a
very similar structure and make it up-to-date by estimating it with quarterly data covering
the period 1994Q1 - 2002Q4.
Mahadeva and Šmídková’s model is a model of transmission mechanism of monetary
policy in the Czech Republic. The authors describe the model as emphasizing that the
transmission mechanism of monetary policy works mainly through the exchange rate in
the Czech Republic directly by having an effect on the import prices. The model can
facilitate also indirect effect (on trade balance and hence on output) through Phillips curve.
The model is highly aggregated and its simultaneous system comprises four blocks: a GDP
block with a production and a trade balance side, an exchange rate block, a domestic-price
block and an inflation-expectation block. It is a short-to-medium term model.
On the next page, the model’s formulation together with coefficient interpretation
and estimates follows. Subsequently, each equation of each of the building blocks is
described. Lastly, we present the evaluation of the static predictive qualities of the model.
Detailed description of the model’s estimation and of the model’s dynamic features is for
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For and overview of other existing literature on macro-econometric modeling in Central and Eastern
Europe see Appendix 4.
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the sake of brevity and clear exposition placed in Appendix. 3. The construction of the
model is as follows (see equations 18 to 27):

3.1.2 Macro-model Summary
y t = ln (exp dd t + exp xt − exp mt )

(18)

(

)

dd t = dd ts + c10 + c11 (ii − exp π t ) + c12 dd t −1 − dd ts−1 + ε 1t

(19)

mt = c 20 mt −1 + c 21 dd t −1 + c 22 ( pf t −1 + et −1 − pt −1 ) + c 23 (dd t − dd t −1 ) + ε 2t

(20)

K

xt = c30 + c31 yf t + c32 ( pf t + et − pt ) + ∑ c3,i xt −i + ε 3t

(21)

i − if t −1


e t − e t −1 = ∆e t = c 40  Ε t −1 ∆ete − t −1
+ c 41  + ε 4t
4



(22)

ln e t = c 42 ln Ε t e te+1 − ln (i t − if t + 1 − c 41 ) + ε 4t , TC: eT = eT −1

(23)

i =1

(

)

K

(

)

pt − pt − 4 = ∆ 4 pt = exp π t + c50 (∆ 4 pt −1 + c51 (∆ 4 pf t −1 + ∆ 4 et −1 )) + ∑ c5,i y t −i − y ts−i + ε 5t ,
TC: ∆ 4 pT = c31 (∆ 4 pf T + ∆ 4 eT )

i =1

(24)

exp π t = c60 Ε t ∆ 4 pte+1 + (1 − c60 )∆ 4 pt −1

(25)

unempt = unemp _ nairu t + unemp _ gap t

(26)

unemp _ gapt = c70 * unemp _ gapt −1 + c 71 * GDP95GAP + ε 7 t

(27)

Coefficient
C10
C11
C12
C20
C21
C22
C23
C30
C31
C32
C33
C34
C40
C41
C50
C51
C52
C53
C60
C70
C71

Value
(S.E. if estimated)
0.027**
-0.37**
0.51**
0.554 (0.119)**
0.309 (0.082)**
-0.819 (0.340)**
0.466 (0.158)**
-375.18(142.592)**
0.125 (0.044)**
1.09 (0.743)
0.36 (0.160)**
0.39 (0.149)**
0.8

Interpretation

Equation

Intercept
Sensitivity of demand to real interest rate
Output gap persistence
Import momentum
Marginal propensity to import
Real exchange rate influence
Output gap influence
Intercept
Margin. propens. of the World to import from CZE.
Real exchange rate influence
Export momentum
Export momentum
Extent to which FOREX is determ. by UIP condition
Czech rep. risk premium

Domestic
demand /
IS curve

0.35 (0.104)**

Reaction to departures from LR rel. of domest. and foreign
inf.

0.225*
0.084 (0.039)**
0.095 (0.046)**
0.1
0.0749 (0.130)**
0.012 (0.005)**

LR rel. of domestic and foreign inflation
Ouput gap price effect
Ouput gap price effect
Infl. expectation formation (“forward-looking-ness“)
Unemployment rigidity
Impact of output fluctuations

Import equation

Export equation

Exchange rate
equation
Domestic price
inflation
equation
Unemployment
equation
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GDP block
The GDP block consists of three behavioral equations and an identity. The identity defines
GDP by aggregating the components of the output, Eq. 18. The equation for domestic
demand, Eq. 19, relates the aggregate demand to the interest rate in an “IS-curve” fashion.
The trade balance, equations Eq. 20 and Eq. 21, depends mainly of the income and real
exchange rate.
Identity. The first equation of the GDP block, Eq. 18, is an identity decomposing real
private sector GDP, yt, as real domestic demand, ddt, imports, mt, and exports, xt.
Government expenditures are excluded and assumed exogenous.
Domestic demand. Aggregate private sector domestic demand, Eq. 19, stands for the
IS curve and is determined by three factors. 1) Real interest rate (constructed as ex ante as
(it - exp inft) and as short term, based on 3M PRIBOR) affects the spending, ddt, through
notional investment expenditures, which in theory react to changes in costs of borrowing
rate via the underlying economy’s multiplier. 2) Excess of the last quarter’s value of
demand over its steady state level, dds, only gradually melts away and enters the current
value of the demand. Significance of previous quarter’s deviations has been tested without
indication of their importance. 3) Domestic demand is affected relative to its steady state
computed by Hodrick-Prescott filter. et is the exchange rate computed as a weighted
average of the CZK/USD, CZK/DM (CZK/EUR, respectively) exchange rates (for more
see Appendix 1. – Chapter 3. Data).
Trade balance side. The trade balance is given by Eq. 20 and Eq. 21, where the
coefficients can be interpreted as: c21 = marginal propensity to import, c22 = (marginal)
effect of real exchange rate, c23 = marginal propensity to import as a proportion of the last
quarter’s growth, c31 = marginal propensity of the “World” to import from the Czech
Republic = MPIw, c32 = (marginal) effect of real exchange rate, and c3,i‘s = coefficients of
export momentum (autocorrelation).
Import. The import equation, Eq. 20, shows that domestic demand and real exchange
rate are the key determinants of imported volumes, mt. Exported volumes, xt, react to the
volume of World output, to real exchange rate and to its own lagged value. World output is
calculated as a weighted sum of output of USA and Germany; for more see Appendix 1 –
Chapter 3. Data.
Trade is connected to growth of domestic product and domestic inflation via price
formation and through income effects. It’s been tested (more in Appendix 3 – Model
Estimation), that as well as in the original Mahadeva and Šmídková’s work, it still holds
true for both the equation, that lags of real exchange rates are short as the pass-through of
its changes on import and export volumes is fast. Following the model’s authors, we do not
treat trade in goods and services separately due to lack of data; fluctuation of Czech
exports prices is also left out from the modeling.
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As regards the estimation, thanks to the length of the available data series, we can
afford to investigate the autocorrelation structure in greater detail then the authors of the
original model. We work with 36 time periods as opposed to 16.
Regardless of the inclusion of either current or last-quarter domestic demand, the
estimate of the marginal propensity to import is 0.31, which is 3 times smaller than the
originally estimated value. Indeed, thanks to longer time series and relatively more settled
economic development, we have been able to achieve more reasonable estimate of the MPI
than the 1994-1999 data allowed. To illustrate its value, lets look at the period between the
1st and the 2nd quarter of 2000 when the domestic demand rose from CZK 389.6 billion to
CZK 420.1 billion. Correspondingly, the volume of imports went up from CZK 273.7
billion to CZK 307.0 billion and. According to the estimate, for example, this 30.5 billion
increase of the demand accounted for approximately 9.4 billion (or 28.3%) of the
CZK 33.3 billion import increment.
Similarly, a 2.62% depreciation of the Koruna real exchange rate between 2000/01
and 2001/02 was followed by a CZK -21.7 billion drop in the import. According to the
estimated coefficient of the real exchange rate, ie. 0.82, this drop was from 9,87% (2.15
billion) due to the depreciation.
Another measure of the responsiveness of Czech exports to the domestic demand
development is coefficient c23 representing volatility of imports correlated with interperiod demand growth. The estimated value is very close to the original value and says that
an additional billion of demand brings about approximately 500 million of additional
imported goods.
Export. The parameter of the real exchange rate (price) effect, although statistically
significant only at about 15%, is 1.09 and implies a CZK 1 090 million increase of export
of goods and services in reaction to a one-crown real exchange rate depreciation in respect
to the currency basket. In other words, as the export volume period average is CZK 223,6
billion and the real exchange rate period average is 3.42, the implied elasticity of the
World to import Czech exports to real exchange rate is 0.017.
Exchange Rate Block
Exchange rate, et, is determined from the main part by the Uncovered Interest-Parity (UIP)
condition. Changes in the exchange rate are related to changes in expected depreciation
and interest differential and a constant risk premium in Eq. 22, where the symbol ∆
denotes the difference between the present and the last quarter’s value. ∆4 indicates the
difference between the present period value and the value of four periods ago. The
coefficients can be interpreted as:59 c40 = 0,80 a measure of the extent to which the
exchange rate is driven by the UIP condition as opposed to a random walk. c41 = risk

59

Coefficients in bold are calibrated.
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premium of the Czech republic. The variable Ε t −1 ∆ete stands for rational expectation
calculated at time t-1 of difference between exchange rate at time t and time t-1; more in
Appendix 3.
Constant nominal exchange rate terminal condition is included to acknowledge an
upward trend in real exchange rate, which is, with nominal exchange rate fixed, present as
long as the domestic inflation outpaces the foreign one. The terminal condition also
ensures stable future nominal exchange rate: TC: eT = eT −1 .
Domestic-price Block
Phillips curve and import of foreign inflation are there two main characteristics of the
domestic CPI inflation equation, Eq. 24, where the coefficients can be interpreted as: c50 =
measure of importance of last periods deviation of domestic inflation from long run
relationship with import price inflation, c51 = a measure of long-run relationship of
domestic price inflation and import prices inflation, c52 = a measure of the output gap
effect on inflation. For the Phillips equation the possibility of extended lag structure will
soon prove convenient as well.
The consumer prices equation is in line with the notion of a small transitional open
economy in the sense that pt is strongly dependent on the domestic price of imports and on
the exchange rate effect through import prices. Annual inflation, pt - pt-4, depends, on the
deviation of domestic inflation from its long run relationship with import price inflation.
The long run relationship is investigated by analysis of co-integration of quarterly
domestic and foreign prices (see below) and by estimating the autoregressive structure of
the domestic consumer prices; more in Appendix 3.
Other important theoretical source of pressures on prices comes from overheating of
the economy when close to its potential product as described by a Phillips curve,
Mahadeva and Šmídková (2001). Hence, the model incorporates output gap of GDP. It is
measured as excess production over full capacity level of output, ys, where the full capacity
level is estimated here by the HP filter applied to GDP over the estimation time span. In
the original article, using data from 1994Q1 till 1999Q4, the authors did not obtain
statistically significant estimates of the output gap effect. They argued this could have
either been due to output gap miss-measurement or because of relative unimportance of the
excess domestic demand price pressure in comparison with transitional period shocks.
However, they also noted, that as in further years these shocks may dissipate and output
gap may be influential, imposing a zero coefficient could be misleading. Later on the text
shows this is indeed the case.
These effects are combined in Eq. 24, which Mahadeva, Šmídková (2000) set up in
the following way: If private sector domestic demand is in equilibrium, expectations are in
line with actual inflation, and annual inflation is constant, then the inflation is described by
the long-run relationship with import price inflation.

63

Credit Risk Management in the Czech Banking Context

Patrik Nový

Inflation-expectation Block
Eq. 25 sets the expected inflation to be a mix of forward looking and adaptive inflation
expectations. This is done mainly to implicitly model wage-setting procedures of the
Czech labor market. Employment and wage setting is not explicitly described as labor
statistics are inefficient. The parameters of Eq. 25 can be interpreted as: c60 = 0.1 =
measure of extent to which the inflation expectations are forward looking vis-à-vis

backward looking inflation expectations. Variable Ε t ∆ 4 pte+1 refers to rational expectation,
made at time t, of the difference between the value of p at t+1 and the value four quarters
before t+1.
Unemployment
The rate of unemployment is based on two simple equations, Equations 26. and 27., where
the coefficient c70 = measure of unemployment/labor markets rigidity, c71 = correlation
with the output cycle. In fact, this specification is a trivial approximation of a one-factor
production function assuming exogenous volume of capital. It is similar to unemployment
specification in the QPM model of the Czech National Bank, Beneš, Vávra, Vlček (2002).
The first equation is an identity dividing the unemployment into its Non-Accelerating
Inflation Rate of Unemployment (NAIRU) component and a cyclical gap component. The
second, behavioral, equation links domestic product fluctuation, GDP95GAP, to a gap in
the rate of un/employment.

3.1.3 Model Estimation
The model’s estimation has been done by the Ordinary Least Squares and the Two Stage
Least Squares (TSLS) with numerous add-ons to account for assumptions violations. We
corrected for heteroskedasticity by the White’s Heteroskedasticity Consistent variance
estimator and/or the Newey-West Heteroskedasticity and Autocorrelation Consistent
variance estimator. TSLS have been applied where endogenous of future regressors present
on the right-hand side of an equation (exchange rate, domestic price level). Hausman
Specification Test was applied to detect the endogeneity.
In comparison to Czech economists fitting macromodels in prior years, we enjoy
much more degrees of freedom allowing us to perform alternative lag structure estimation.
In one case, however, we were unable to estimate the equation properly although the
authors of the original model were able to do so. Specifically, in the case of domestic
demand some dozen alternative specifications were tried out and estimated by various
techniques without a success in terms of statistical significance and correct signs.
Therefore the estimates from the original Mahadeva and Šmídková’s model have been
adopted.
The evaluation of the appropriateness of the specification was tested by the t-tests of
the estimated parameters and the by Durbin-Watson and Durbin’s h statistics to detect the
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autocorrelation at the single equation level. As regards the fit, static as well as dynamic
forecasting performed relatively well. Static forecasts can be seen below, plots of dynamic
forecast are in Appendix 3. The static predictions can be evaluated on a single-equation
basis by the Theil Inequality coeficient. Measured by this statistic the predictive qualities
are satisfactory.60 Fore more on estimation see Appendix 3. – Model Estimation.

3.1.4 Model Prediction Qualities, Simulation over the Model
Here we show the static forecasting properties of the estimated model and look at the
necessity to adjust it by re-estimation or by (residual shift) add-factors. Secondly, we
perform predictions based on alternative driver-variable scenarios to track variables
interesting from the point of view of the credit quality simulation. A question may rise
why we do not primarily dynamic-predict. The answer lies in the purpose of the model, i.e.
short-term forecasting for the needs of credit risk management61.
The static forecast is made over the period 1994:1 to 2002:4 as this period is fully
covered by the data. From the plots of the forecasted variables in Fig. 26 we see that
visually the one period ahead predictions are satisfactory. Except the Unemployment
equation whose Theil inequality coefficient is around 23% the forecasts are good also
according to the Theil measure.
Fig. 26
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The Theil Inequality Coefficient is a scale invariant measure of a fit of a forecast. It lies between 0 and 1,
where zero means a perfect fit. It decomposes the lack of fit into bias, variance and covariance proportion,
which measures the difference in mean, variance and the rest of difference, respectively, of the actuals and
the forecast. For all static predictions over the model over 1994:1 - 2002:4 we have the coefficient smaller
than 23% and for 4 equations below 8%.
61
We have already presented that bank VaR calculations have most often 1 day horizon, less often 1 months
horizon and rarely longer horizon.
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For discussion of dynamic forecasting see Appendix 3.
Reaction of the Model to exogenous variable shifts
Scenario-1: Slowing down of the World Prices
In the baseline simulation, the World’s price level is trending at about 1.5% inflation
annually. The scenario-1 simulation assumes a mid-term deviation from this trend. For 6
years the new price level falls behind the baseline level: in the first 3.5 - 4 years, the
inflation growth at the speed of up to 0.78% (maximum difference from base occurs in the
15th quarter), from 16th quarter on, the “shock” World price level is chasing the baseline
level at speeds of up to 4.84% to catch it up by the 24th quarter.
The principal reaction is the fall of the domestic price level. Through the mechanism
of Eq. 24, the domestic price inflation lowers the pace of its growth immediately (one
quarter) after the external change. Significant, cumulative slowing down (by 0.48%)
materializes in the 4th quarter. Similarly to the world prices, at later stages the domestic
CPI growths by about 5%. Graphs in Fig. 27 show the shift in level of CPI and percentage
deviations of pf and CPI from their long-term trends.
Fig. 27
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Expected drop of export volumes and rise in imports, both due to subsequent real
appreciation of the Koruna, is unexpectedly small. However, when combined they
outweight the minor increase of the Domestic demand. The demand growth is driven by
the real interest rate effect - as the expected inflation goes down, also the real interest rate
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goes down driving the growths of demand up. Thus, the baseline domestic GDP outpaces
the scenario 1 GDP by maximum of 1.21% in the 9th quarter.
On the other hand, later on the reaction of
Fig. 28
Domestic demand to domestic real interest rate fall is 2.0
getting stronger. Also, by that time, the initially price 1.5
uncompetitive domestic exports are getting better as 1.0
the domestic prices are falling and making the real 0.5
0.0
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Altogether this leads to a growth in the scenario-1- -1.0
GDP which, for a moment (a few quarters), even -1.5
94
96
98
00
02
04
06
08
10
jumps above the baseline one.
Un. rate - Baseline
Un. rate - Shock
The construction of the unemployment rate
ensures that its baseline and its scenario 1 patterns approximately resemble the pattern of
the Czech economy’s output, Fig. 29. When we adjust the potential of the product slightly
upwards, to catch the “wave” of the product, we get a little more wavy predictions,
prediction of unemployment changes, too.

3.1.5 Forecast of Credit Quality Based on the Macro-model Prediction
In the section 2.5.4, we assumed 5% inflation to show impact of macro shocks to credit
quality. In the previous section, we showed how to predict such an “assumption/events” on
the grounds of current macroeconomic development and assumptions on the driver
variables. Obviously, here we could replicate the calculation of section 2.5.4 to present a
straightforward link of the credit quality model to the macro model and to show the
refinement the macro-model brings to the VaR calculation. However, as the idea is very
clear and the calculation would not need to change at all, we proceed directly to further
part. In subchapter 3.2 Stress Testing, the VaR calculations connected directly to
predictions of the model are among other issues performed repeatedly.
In the following section we devote our attention to the last advanced issue of credit risk
management. In section 3.2 we introduce and examine stress-testing in credit risk
management.
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3.2 Stress Testing
The BIS Committee on the Global Financial System (BCGFS) defines “stress-testing” as:
“…[V]arious techniques used by financial firms to gauge their potential vulnerability to
exceptional but plausible events.” In practice, financial institutions manage their risk
exposures by credit risk model based on historical data, where exceptional event are
“averaged out.” Parameters coming out of these models are thus suitable to assess the
asset/portfolio riskiness mainly during prevailing “quiet” days. As however, “hectic” days
are a natural although unusual component of the bank’s business life, banks rely on stress
testing designed to model large market shocks independently of the statistical
relationships. For example, a bank may want to stress-test a certain market where it has
large exposures according to their asset and derivatives positions or even to set its trading
limits, stop losses, etc. Some banks use stress testing also to assess exposures in asset
markets which are illiquid or where data are sparse, Fender, Gibson, Mosser (2001), and
where expert risk manager’s judgement play a role equal to the data analysis. This is
understandably also the case of the emerging markets where the available data are both
illiquid and inferior.
In connection to the (above) VaR calculation, we can say that stress-testing
overcomes VaR’s disadvantage. Similarly to other CRM models, Value-at-Risk cannot
quantify “How bad the bad day is”. Or, “Would the potential loss be a live-or-die threat to
the bank’s functioning?” So, for day-to-day risk management it is reasonable to apply
credit risk management models, while exceptional risks are managed by stress-testing62,63.
It is apparent now why the previous subchapter on macro-modeling constitutes a
natural connection of the CreditPortfolioView-type of analysis and this subchapter.
Macromodeling has introduced the investigation of impact of external shocks on the VaR
calculation and Stress testing section further details it.

62

According to Shirreff (2004) the 1998 Long Term Capital Management (LTCM) disaster is an example of,
among other factors, neglected stress-testing. The management believed the portfolio is more then well
diversified and stress-tested it by scenarios matching the then recent market turmoil only. However, the
(heavily) correlated behavior of the market in August 1998 was not predicted. As Shirreff says, according to
LTCM managers their stress tests had involved looking at the 12 biggest deals with each of their top 20
counterparties. That produced a worst-case loss of around USD 3 billion. But during the crisis mark-tomarket loss just on the 20 biggest partners reached USD 5 billion, still ignoring other (some highly
speculative and illiquid) trades.
63
Theoretically, CRM models are based on technical analysis. Stress-tests, on the other hand, conform rather
to the fundamental analysis.
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3.2.1 Stress-Test Themes and Techniques
Stress Scenarios
So, what may the hectic day’s exceptional shock be to be stress-tested? Generally, the
stress scenarios, as well as the real banking life troubles, affect both the trading and the
lending books of banks64. MAS (2002), for example, lists such global events as the Gulf
War, the Russion default and the recent Argentine default.65 More broadly, Fender, Gibson
and Mosser in their large 2001 study “An International Survey of Stress Tests” classify
stress tests common among the banks of G-10 countries into asset market related – those
investigating swings in equities, exchange rates, commodities, credit spreads; region
related – events in different geographical areas, Europe, North America, emerging
markets, etc.; and other, covering a variety of stress scenarios. In their study, there were 43
commercial and investment banks, together reporting 293 stress scenarios. Summary of
203 out of these can be seen in the table below, Fig. 29. Next, particular industry
depressions may be stress-tested, too. A risk manager may suspect certain industry
(plastics, electronics, etc.) to face cyclical problems (such as the Czech manufacturing
sector in 1999). One solution at hand is to hypothetically downgrade all obligors belonging
to this sector and to re-compute the credit risk management model.
Fig. 29
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Black Monday 1987
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20
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5
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7
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4
4
Credit
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8
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Other
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3
4
Source: Fender, Gibson, Mosser (2001)
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Middle East crisis/middle east
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11
9
4

11
9
5

5

11

4
4

4
5

7
3

8
3

7

8
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We see that most abundant categories are related to equity shocks, to the interest rates
(most typically banks simulate changes in the shape of the forward zero curves) and to
64

For division of financial institution’s instruments into trading and lending book, see, for example, Czech
National Bank Ordinance no. 333 (3. 7. 2002), Paragraph 9.
65
Sadly enough we can enrich this list by naming attacks on civilians during the recent years, too.
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European and Eastern Europe economic development. This paper’ foremost interest lies of
course in the Eastern Europe environment.
Topics specific to the Czech banking sector may be less universal but rather related
to the transition nature of the economy. 1) “Institutional stress” may materialize in the
form of increasing enforceability of contracts. Faster court decisions and/or new legislative
can significantly alter the prevailing recovery rates66, as well as a sudden managerial
decision of the bank executives to outsource bad debt collection to specialized agencies. 2)
Simple change of the VaR liquidation horizon connected to rapid “beginner” application of
the risk models within Czech banks may cause shifts in the economic capital. 3) Settling
down of the economy is generally a fruitful field to give birth to other specific scenarios,
too.
As regards the Czech banking sector, we can say that as of the end of 2002 over 65%
of Czech major banks used stress-testing for various purposes and over 95% either used or
planned to use the method67. Most of the banks use it for risk management purposes.
Substantial portion employs the method for managerial support and setting limits. Capital
allocation, emergency planning and other spheres of banking management rely on stresstesting in minority of cases. Over half of the banks ran daily stress-tests. At the end of
2002, stress-testing was absolutely exceptional in managing credit risk, later it has only
caught up. Conversely, stress-testing was and has remained very common in market risk
management. In the near future, we can expect the utilization of stress-testing to increase
in both the market and credit risk management.
To be more concrete, let’s have a glance at the array of real-life stress-test scenarios
of one of the largest Czech bank (Česká spořitelna). As a part of the risk management of its
trading book, Česká spořitelna performs monthly stress-test simulations over its trading
portfolio. It uses these scenarios, Česká spořitelna 2002 Annual Report:
! “What-if” scenarios
! Scenarios based on 10-15 year historical data using the maximum positive and
negative changes in the interest rates and the exchange rates independently.
! “Worst-case” scenario based on 99.8% VaR value.
! DPG (Derivative Policy Group) recommended scenarios, i.e.: i) yield curve shifts
(100 basis points), ii) defined changes of slopes of yield curves, iii) both of the
above concurrently, iv) changes in yield curve volatility by 20%, v) increases and
decreases in the equity index by 10%, vi) defined changes of equity index
volatility, vii) foreign exchanges shocks, viii) foreign exchange volatility, ix)
increase and decrease in swap spreads.
66

This would more likely be a “joy” rather that a “stress” event, nevertheless shocks of both types lead to
“incorrect” economic capital.
67
The information comes from a survey of (more then 30) major Czech banks conducted by a highly reliable
source who does not wish to be named.
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Another bank active in the Czech market, a subsidiary of one of the World’s biggest banks,
Citibank, runs stress-tests to manage the interest rate, the monetary, the liquidity and the
markets risks. Also according to these stress-tests, trading limits are established. The
scenarios exploited at Citibank are:
! A week long off at the ČNB’s clearing center.
! Mother company credit rating downgrade.
! Local market crisis.
! Market risk stress tests “Yellow light”, “Orange light” and “Red light” based on a
document called “The Czech Republic Scenario Plan” describing alternative
development of the economy.
Stress techniques
What are the techniques used to do the stress-testing job in the literature? 1) As Kim and
Finger (2000) put it, the stress test of their study is inspired by the words of the Federal
Reserve Board Chairman Alan Greenspan:68 “…[J]oint distributions estimated over
periods without panic will misestimate the degree of correlation between assets returns
during panics…” As mentioned also in previous parts of this work, the asset value
correlation is an important ingredient of risk models (see above and also Rösch (2003)).
The authors perform an evaluation of a stress scenario in which they utilize asset value
correlations estimated exactly in stress situations, where the stress situations were defined
ex post on historical data. In addition to the stress-specific correlations, they also construct
stress-specific (credit quality) distributions to randomly draw from during the portfolio
value simulations. 2) Derviz, Kadlčáková and Kobzová (2003) model the uncertainty in
future money market rate, i.e. PRIBOR, which is along with obligor specific risks the
benchmark for the lending rates69. They run 4 Monte Carlo simulations in which the
money market portion of the lending rate follows a log-normal distribution specific to
alternative forward zero curve scenarios. They find that the simulated portfolio value and
the economic capital lowers/increases with downward/upward shift of the FZC and depend
on maturity of the loans if the curves are rotated. Other examples of stress-test
methodology can be found in Bangia, Diebold, Schurmann (2000) and elsewhere.

68

According to Kim and Finger (2000) the remark is dated 1999.
Since this amounts to investigating large changes of the model parameters (here the discount curves), it
would be classified as a sensitivity stress test as opposed to stress test scenarios most often modeling
contemporaneous swings in asset prices (equity prices, exchange rate, interest rates, spreads, etc.).
69
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3.2.2 Stress-Testing over Simulated Portfolio of Czech Major Companies
In this work we perform several stress-test exercises based on our 1995-2001 sample of
Czech company data:
1. Uncertain recovery rates (RR’s)
First, we stress-test what increased uncertainty in the value of recovery rates does to the
value of our simulated portfolio and to the VaR/economic capital estimates. In practice, the
value and volatility of RR’s differ not only across Seniority Classes, but also over time,
countries, sector and type of financial product. For example, M. Schmit and J. Stuyck70
performed analysis of an extensive 1976 – 2002 dataset of European defaulting leasing
contracts. Their goal was to establish the value and volatility the RR’s as the feedstock for
the IRB models of CRM (proposed under the NBCA) in the leasing industry for different
sectors. For the industrial and business equipment segment the RR’s (from resale and other
types of recovery, ie. guarantee, collateral, etc.) were summarized as follows, Fig. 30.
Fig. 30
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Source: M. Schmit and J. Stuyck, see footnote no. 70 on this page.

It is natural to stress-test the volatility of the underlying recovery rates. J. P. Morgan
in CMTD (1997, pp. 30) calculate the influence of non-zero variance of recovery rates in a
simple analytical VaR calculation. Here, we introduce non-zero variance recovery rates to
the VaR Monte Carlo simulation framework. We assume the recovery rate is governed by
stochastic process. For Senior secured debts, for example, it is describable by recovery
ratei = 0.538 + εi, (i denotes recovery rate of particular firm in a particular round of
simulation) where εi is Normal (0, 0.2686), where 0.2686 is the estimated historical
variance of the RR.
When we run the simulation and compare the outcomes with the very first round of
simulation, ie. the baseline Unconditional simulation, Fig. 23, of Chapter 2 we obtain
Eq. 28.
1 year
1 year
Baseline simulation: VaR99
% = USD 1.306 mil , VaR95% = USD 0.896 mil ,
1 year
1 year
“Volatile RR” simulation: VaR99
= USD 1.717 mil , VaR95
= USD 1.116 mil
%
%

(28)

The mean of the new portfolio value distribution is USD 25.048 mil., which is USD 414
thousand lower than the baseline. Resulting 99% VaR is USD 1.717 mil., ie. higher by
31%, 95% VaR = 1.116, ie. higher by 25%. So, not only does the mean value of the
70

Schmit, M., Stuyck, J. (2002). Recovery rates in the Leasing Industry. Leaseeurope. November 2002.
Brussels, Belgium.

72

Credit Risk Management in the Czech Banking Context

Patrik Nový

portfolio decreases when additional uncertainty to RR’s is introduced, but also the
economic capital/regulatory capital requirement goes up both in absolute terms and in
relative term. While in the baseline case the bank needs to hold USD 1.306 million, or
4.88% of the expected portfolio value, in the “Volatile RR” case it puts aside 1.717 million
or 6.42% of the expected value. This sends a very clear message to the banks (risk)
management.
2. Sudden drop in recovery rates: From Senior Secured to Subordinated
With the Czech legislative tending to give more power to creditors and with the
implementation of new management methods of the Czech bank foreign owners, a
significant increase of the usually recovered exposure at default can be expected. As
however, our modeled debts are already Senior secured and so we cannot decrease the loss
given default by much, we decided to illustrate the magnitude of an impact of a change in
the RR’s by decreasing it to the Subordinated value of 32.7%71. Histogram in Fig. 31
shows the simulation results. For example, the mean has dropped to USD 26.419 million.
Fig. 31
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Eq. 29 states the economic capital requirements increased in absolute terms by 60% and
58% respectively and are almost 8% (formerly less then 4.9%) of the newly expected
portfolio value. The third line states simulation where the gap in RR’s is doubled up by a
macroeconomic bust of the same magnitude as in Chapter 2 to form a double-factor stresstest.
1 year
1 year
Baseline simulation: VaR99
% = USD 1.306 mil , VaR95% = USD 0.896 mil ,
1 year
1 year
“Subordinated” simulation: VaR99
= USD 2.102 mil , VaR95
= USD 1.420 mil ,
%
%

(29)

1 year
(“Subordin. + depression”: VaR99
= USD 2.11 mil = 8% of mean of USD 26.395 mil.)
%

This “huge” jump in VaR may be opposed by saying it is improbable that all Senior
secured debts would downgrade to Subordinated at one time. Nevertheless, the employed
RR values come from one specific source, CMTD (1997) and having look at a table
71

This value comes from CMTD (1997).
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summarizing empirically found recovery rates according to different sources, Fig. 32, we
see a drop of recovery rate from 53.8% to 32.7% is not unreasonably big, but not far from
the converse.
Fig. 32
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3. Increased volatility of credit quality
Portfolio diversification may offset cycles in one sector by counter-cycles in another,
additional volatility in one place can be mitigated by stability elsewhere. Investigation of
changes of volatility would then probably be especially attractive to risk managers taking
care of a sector-specific less-diversified portfolios of debts of any kind. Automotive
segment, real estate, manufacturing, banking retail, etc. may all prone to unique paths of
development of their respective general credit quality.
The following picture, Fig. 33, shows the estimate of density of portfolio values
coming out from the simulation. The solid line stands for the known baseline case. The
dotted line depicts a case where the underlying credit quality is artificially volatilized – it
is drawn from Normal (0, 1.2) where the variance is increased by 20%. Vertical lines mark
the 99% VaR values. For VaR computation see Eq. 30.
Fig. 33
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1 year
1 year
Baseline simulation: VaR99
% = USD 1.306 mil , VaR95% = USD 0.896 mil ,
1 year
“Credit Quality Volatility” simulation: VaR99
= USD 1.586 mil ,
%

(30)

1 year
VaR95
= USD 1.090 mil .
%

The 1-percentile is as low as USD 24.751 mil. However, the mean goes also down to
USD 26.337 million and the increase in the 99% VaR is “just” 21% (6% of the new
expected value). It is not perfectly straightforward why increased volatility leads to
decrease in the mean value. The mean drops since the increased volatility leads to greater
portion of the companies classified to one extreme grade. As the increase in the value of an
asset associated with the best grade is smaller then the drop in its value resulting from the
worst rating “D”, greater volatility is “always bad ”.
Management expertise can give birth to many other scenarios as well: Further changes in
transition probabilities (also investigated as a part of Chapter 2) can be tried out, rating
thresholds can be altered to model change in the transition probability mass. A very
interesting stress-testing exercise would be to model sectoral downgrades or more
generally sectoral downturns. Different levels of default correlation (not investigated in
this thesis) are a hot candidate for stress-testing, too.
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3.3 Summary
Chapter 3. can be seen as technical warehouse for the credit risk management analysis in
Chapter 2. We built a model of the Czech economy so that we can produce short-term
forecasts of selected macroeconomic variables. The variable prediction is in turn usable in
the prediction of the exact economic (regulatory) capital, which was, in the case of our
portfolio, proven to be sensitive to the macro development. The built model is an
aggregative small-open economy model. As illustrated in the course of the text above, it is
both well manageable and it is a decent short-run predictor.
Next, in this chapter, we look into the issue of stress-testing. Stress-testing is an
indispensable credit risk models complement. Stress-testing makes the models more
robust, by exposing them to beyond-the-parameters situations and by altering their
assumptions. When the management see a shift in overall conditions of the economy, their
portfolio, or a sector (see above), they may easily project such expectation into the model
and obtain results on for example VaR under the altered conditions. By enabling to doing
this, stress-testing brings into the credit risk modeling a sense of management experience
which can be understood as its principal message.
We also stress-tested these scenarios with the following impacts on the economic
capital. 1. Increased uncertainty in the values of recovery rates led to an increase in the
value the given VaR calculation. The 99th percentile went moved from USD 1.306 mil. to
USD 1.717 mil, marking a 31% increase of the economic capital. 2. As expected the
simulated sudden “senior-secured to subordinated” drop in recovery rates would make a
bank risk manager to hold USD 2.102 mil which is 61% more then in the baseline
situation. 3. Increased volatility of the underlying credit quality caused a similar although
less pronounced shift in the economic capital. The greatest contribution of stress-testing is
thus not to reveal the direction of the change, but most importantly the magnitude of such a
move so that a bank can response to it.
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Concluding Remarks
The goal of this thesis has been to contribute to the field of credit risk management in the
context of the Czech Republic. Regarding our principal question: “Is the credit quality of
the portfolio linked to the Czech economy’s macro development,” we find that we can indeed
establish statistically significant, firm and economically reasonable relationship between
credit rating and the GDP gap, credit rating and several measures of the unemployment.
We reached the conclusion in the following steps:
First we provide a thorough overview of the issue of credit risk management with
special focus on the case of the Czech Republic. We begins with a theoretical overview of
credit risk and its management: Due to term structure of credit provisioning and other
phenomena, the price of credit, the interest rate, does not fulfill the market-clearing
function of a price. This translates into credit risk. Financial institutions developed
numerous methods to eliminate negative impacts of this risk by retaining economic capital.
Interesting theoretical question is whether it is sensible for the risk manager maximizing
(expected) profit to deal with risk (profit variance) at all. In the Chapter, we briefly cover
the credit risk literature also on this point. Later on, we describe credit risk terminology
and
classify
the
most
significant
credit
risk
management
models:
CreditMetrics/Credit Manager, CreditRisk+, the KMV-Moody’s model and McKinsey’s
CreditPortfolioView, which all belong to the portfolio class of models. Private banking
risk management inspired regulators of financial markets to regulate risk officially in order
to secure global financial stability. Regulation in the World and in the Czech Republic is
described in the next part of Chapter 1. Simple Basel Capital Accord from 1988 was the
first major set of capital adequacy rules. New Basel Capital Accord from 2004 shifts the
determination of capital adequacy technically way beyond the first Accord. Advanced
statistical approaches are present in the regulation to make it more precise. Finally, in
Chapter 1., we investigate the credit risk management standards at major Czech banks. We
find that the methods applied are still very simple although the number of the first pioneers
employing Value-at-Risk methods, stress-testing, etc., does slowly increase. By the words
of the authors of Moody’s Investors Service’s report Mutual Benefits of Foreign
Ownership of Central and East European Banks, “...[M]uch more is needed in terms of
risk management culture - a key area that Western banks still have to address in C&EE
markets”.
Secondly, we perform and describe the principal analysis of the thesis. In the course
of this chapter, we evaluate the hypothesis that the credit quality is determined, among
other factors, by macroeconomic development. We do this in two ways. First, we analyze
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the issue theoretically and look into the existing empirical research. Specifically, we try to
find evidence of the existence of the relationship between volume of credit, the business
cycle and quality of credit. 1. To prove the volume-of-credit to business-cycle link we turn
to argumentation of Friedman (1993), Dornbush and Fisher (1994), and Hampl and
Matoušek (2000) who all explain why we should expect the volume of loans to be linked
to GDP. The reason lies mainly in the financing of rising expenditures by new loans.
Segoviano and Lowe (2002) empirically showed that this link holds. It is especially firm in
some sector such as real estate or SME’s. 2. The business-cycle to credit-quality link is
evident when we look at financial flows inside a firm when downturn strikes. Adverse
economic conditions affect firm’s revenues, which ceteris paribus impacts the earnings;
subsequently cash flow and other measures of firm’s financial health and therefore credit
attractiveness get worse. Rösch (2003), for example, finds extensive empirical evidence
that the credit quality of German corporations is determined by the stage of the cycle.
3. The third link, between volumes of credit and its quality, is explained on an example of
economy with universal banking system, such as the Czech Republic. As various authors
repeat, under this type of financial intermediation, autonomous reduction in lending may
lead to companies’ financial disabilities and vice versa. Further discussion of the
causalities is based on Hampl and Matoušek (2000).
First and foremost, however, we analyze the hypothetical claim that the credit quality
is determined by the macroeconomic variables empirically by the means of a panel data
analysis. Credit rating (either Standard & Poor’s or computed) of companies in a simulated
portfolio of 60 major Czech companies is followed from 1995 till 2001 (providing 420
data points) and regarded as a measure of the quality of credit. For the selection of the
macroeconomic variables we adopt the real business cycle logic and look into
methodology of existing empirical works by e.g. Koopman and Lucas (2003), Kern and
Reitzig (2000), etc. To approximate the business conditions we choose GDP and its gap
and several measures of the unemployment and then also inflation, exchange rate, external
balance and sustainability of government finance. Numerically expressed credit rating is
then panel-regressed on various specifications of the macroeconomic variables. Firm
specific microeconomic shocks are assumed to be caught by the firm specific intercepts;
disturbances can thus be normal. Potential violations of disturbance assumptions are tested
and corrected for.
Empirical results show that statistically significant, firm and economically
reasonable relationship can be found credit rating and GDP gap and several measures of
the unemployment: the grater the gap, the worse the credit rating and vice versa; the higher
the unemployment, or the higher the growth of unemployment, the worse the rating, and
vice versa. The combination of GDP gap and CPI is also found significant and influential.
For the rest of the “systematic” variables, no statistically significant or economically viable
estimates were achieved.
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We also technically introduce the concept of Value-at-Risk and show how the
resulting economic capital can be made more precise when we take into account the stage
of the business cycle. We compute two separate Monte Carlo VaR calculations where the
second is conditional on the macro-economy, i.e. hypothetical shocks in GDP gap and the
inflation enter the second VaR by altering the underlying credit rating and transition
probabilities according to the Chapter-2-estimations. In our specific cases of reasonable
assumed macro shocks, the economic capital is 3% higher than in the unconditional case.
In a boom several percent of econmic capital could be correspondingly saved and used in
“profit-making” activities.
Naturally, this approach to calculation of economic capital suffers from several
pitfalls. The first concern regards practitioners. This methodology is awfully demanding as
far as reliable data, which is scarce even in the West economies. Second drawback relates
to procyclicality. Scholars criticize NBCA’s capital adequacy rules (more and more
converging to industry sponsored models) as procyclical thus magnifying economy’s
volatility. The presented analysis is first, a clear-cut illustration of such cyclical nature and
second, it gives a hint of what a possible remedy of this problem could be – a counter
cyclical capital adequacy rule.
In Chapter 3., we setup a technical workshop of the previous methods. The model
built along the lines of CreditPotrfolioView is based on the identification and prediction of
the stage of the cycle. Therefore, an aggregated quarterly macro-econometric model with
reasonable prediction qualities is constructed to facilitate this. Finally, stress-testing as a
method bringing robustness to (credit) risk management is analyzed. By a number of
Monte Carlo simulations we show the impact of external radical events, such as an
increase in volatility of credit quality, drop in recovery rates, etc., on the economic capital
computed by VaR.
Further research of credit risk management methods in the framework of the Czech
Republic is vital. The development of robust internal models is needed; a lot needs to be
done in construction and estimation of internal models and their various testing, such as
stress- and back-testing.
It is worth keeping in mind that credit risk management methods are not just
modeling. Models, with their known limitations are not self-saving. There is a whole array
of approaches/events that may have much larger impact than highly specialized models do.
Certain managers’ decisions, for example, such a decision to outsource bad debt collection,
can bring more benefit than precise modeling. Monitoring of lending to related parties,
management of concentration of credit, timely provision for deterioration in credit quality,
etc., all are further cases in point. However, shall the relevant management be sound,
modeling has, as we have shown, ceteris paribus a lot to offer.
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The current practice regarding the handling of macroeconomics in the banking risk
management is either to ignore it, or to reflect it by the usage of two sets of model
parameters corresponding to the division of the economic time to boom- and depressionyears. The aim of this thesis has been to show that finer division of the economic history
than just to two states of being or even a continuous link to business cycles may have its
sense. In the future, after a serious development of this approach, it may be beneficial for
both practitioners and the regulators.

80

Credit Risk Management in the Czech Banking Context

Patrik Nový

References
Basel Committee on Bank Supervision (2001). The New Basel Capital Accord, Bank for
International Settlements, January.
Basel Committee on Bank Supervision (1999). Credit Risk Modeling: Current Practices
and applications, Bank for International Settlements, April.
Buchtíková, A. (1999). Empirická analýza financování podniků a ůvěrových aktivit bank v
ČR v letech 1995 – 1997. ČNB WP No. 14, Praha.
Carling, K., Jacobson, T., Lindé, J., Rozsbach, K. (2000). Capital Charges Under Basel II:
Corporate Credit Risk Modelling and the Macro Economy. Sveriges Riksbank
Working Paper Series, Sveriges Riksbank.
Carling, K., Jacobson, T., Linde, J., Roszbach K. (2001). The Internal Ratings Based
Approach for Capital Adequacy Determination: Empirical Evidence from Sweden.
Workshop on Applied Banking Research, BCBS, October.
Christ, C. F. (1996). Econometrics, Macroeconomics and Economic Policy. Selected
papers of Carl F. Christ. Edward Elgar, Cheltenham, UK.
Credit Risk International Magazine (CRIMAG) (2004a). Risk management gains in
prominence worldwide. http://www.crimag.com/news/news.cfm?nID=344, 31.
March.
Credit Risk International Magazine (CRIMAG) (2004b). European banks need risk
management focus. http://www.crimag.com/news/news.cfm?nID=329, 25. March.
Daníelsson, J., Embrechts, P., Goodhart, CH., Keating, C., Muennich, F., Renault, O., Shin,
H. S. (2001). An Academic Response to Basel II. London School of Economics
Financial Market Group and ESRC Research Center Special Paper Series, Special
paper no. 130, May.
Derviz, A., Kadlčáková, N. (2001). Methodological Problems of Quantitative Credit Risk
Modeling in the Czech Economy. ČNB WP No. 39, Praha.
Derviz, A., Kadlčáková, N., Kobzová L. (2003). Credit Risk, Systemic Uncertainties and
Economic Capital Requirements for an Artificial Bank Loan Portfolio. ČNB WP No.
9, Praha.
Derviz, A., Podpiera, R. (2004). Predicting Bank CAMELS and S&P Ratings: The Case of
the Czech Republic. ČNB WP 2004/1.
Enders, W. (1995). Applied Econometric Time Series. Wiley.

81

Credit Risk Management in the Czech Banking Context

Patrik Nový

Engle, R., Granger, C. (1987). Co-Integration and Error Correction: Representation,
Estimation and Testing. Econometrica, pp. 251 – 266.
Falkenheim, M., Powell, A. (2003). The Use of Credit Registry Information in the
Estimation of Appropriate Capital and Provisioning Requirements. In Margaret J.
Miller (Ed), Credit Reporting Systems and the International Economy. The MIT
Press, Cambridge, Massachusets, pp. 229 – 253.
Fender, I., Gibson, M. S., Mosser, P. C. (2001). An International Survey of Stress Tests.
Current Issues in Economics and Finance. Federal Reserve Bank of New York, Vol.
7., No. 10, November.
Fitch Ratings (2004). Czech Banking System - Improvements Noted But Scope Remains
For further Progress, http://www.fitchratings.com, 16. March 2004.
Greuning, H. van, Bratanovic, S. B. (2003). Analyzing and Managing Banking Risk. A
Framework for Assessing Corporate Governance and Financial Risk, 2nd Edition.
The World Bank.
Hampl, M., Matoušek (2000), R. Credit Contraction in the Czech Republic: Causes and
Effects. ČNB WP No. 19.
Hayashi, F. (2000). Econometrics, University of Tokyo, Princeton University Press.
Hodrick, R.J. and E.C. Prescott (1997). Postwar U.S. Business Cycles: An Empirical
Investigation. Journal of Money, Credit, and Banking, 29, 1–16.
IMF (2001). The IMF Staff Comments on the January 2001 Proposal of the Basel
Commitee on Bank Supervision for a New Capital Adequacy Framework for Banks.
Japelli, T., Pagano, M. (2003) Credit Reporting Systems around the Globe: The State of the
Art in Public Credit Registries and Private Credit Reporting Firms. Margaret J. Miller
Ed., Credit Reporting Systems and the International Economy. The MIT Press,
Cambridge, Massachusets, pp. 81 - 115.
Kern, M., Rudolph, B. (2001) Comparative Analysis of Alternative Credit Risk Models –
an Application on German Middle Market Loan Portfolios. Center for Financial
Studies, WP no. 2001/03, Frankfurt am Main.
Kim, J., Finger, Ch. C. (2000). A Stress Test to Incorporate Correlation Breakdown.
RiskMetricsGroup
Kisslingerová, E. (2001). Oceňování podniku. C. H. Beck, 2. vydání.
Kmenta, J. (1996). Elements of Econometrics, Macmillan Publishing Company, New
York.
Koopman, S. J., Lucas. A. (2003). Business and Default Cycles for Credit Risk. Tinbergen
Institute Discussion Paper, TI 2003-062/2, http://www.tinbergeb.nl.

82

Credit Risk Management in the Czech Banking Context

Patrik Nový

Koykoglou, H., Hickman, A. (1998). Reconcilable differences. Risk (October), p. 56 – 62.
Mahadeva, L., Šmídková, K (2000). Modelling the transmission mechanism of monetary
policy in the Czech Republic. L. Mahadeva and G. Sterne Eds., Monetary policy
frameworks in a global context. Routledge, London, 2000.
Miller, M. J. (2003). Credit Reporting Systems around the Globe: The State of the Art in
Public Credit Registries and Private Credit Reporting Firms. Margaret J. Miller Ed.,
Credit Reporting Systems and the International Economy. The MIT Press,
Cambridge, Massachusets, pp. 25 – 80.
Monetary Authority of Singapore (MAS) (2002). Credit Stress-Testing. Consultative
Paper. 31st January.
Neprašová, M. (2003). Měření kreditního rizika pro potřeby určení kapitálového požadavku
a ekonomického kapitálu. Praha, FSV UK (disertační práce).
Nickell, P., Perraudin, W., Varotto, (1998). S. Stability of Rating Transitions. Paper
presented at the Bank of England Conference on Credit Risk Modeling and
Regulatory Implications, London, September, 21 – 22.
Perron, P. (1989). The Great Crash, the Oil Price Shock and the Unit Root Hypothesis.
Econometrica, pp. 1361 – 1402.
Oldfield, G. S., Santomero, A. M. (1995). The Place of Risk Management in Financial
Institutions. Wharton Financial Institute Center, 95-05-B.
Rösch, D. (2003). Correlations and Business Cycles of Credit Risk: Evidence from
Bankruptcies in Germany. Financial Markets and Portfolio Management, Vol. 17,
No. 3, 309-331.
Santomero, A. M. (1996). Commercial Bank Risk Management: an Analysis of the Process.
Wharton Financial Institute Center Conference on Risk Management in Banking.
October 13 –15.
Saunders, A (1999). Credit Risk Measurement: New Approaches to Value at Risk and
Other Paradigms. John Wiley and Sons, Inc., New York.
Saunders, A (1999b). Back flap information to Credit Risk Measurement: New Approaches
to Value at Risk and Other Paradigms. John Wiley and Sons, Inc., New York.
Schuerman, T., Yafru J. (2003). Measurement and Estimation of Credit Migration Matrices.
Wharton Financial Institute Center, 03-08.
Segoviano, M. A., Lowe, P. (2002). Internal Ratings, the Business Cycle and Capital
Requirements: Some Evidence from an Emerging Market Economy. BIS Working
Paper 117, Bank for International Settlements, September.

83

Credit Risk Management in the Czech Banking Context

Patrik Nový

Shirreff, D. (2004). Lessons from the Collapse of Hedge Fund Long Term Capital
Management.
International
Financial
Risk
Institute,
2004,
http://riskinstitute.ch/146480.htm
Stiglitz, J. E., Weis, A. (1981). Credit Rationing in Markets with Imperfect Information.
American Economic Review 71., June, pp. 393 – 410.
Středová M. (2002). Měření a řízení úrokového rizika v bilanci banky. IES FSV UK,
diplomová práce.
Vogelsang, T. J. (1997). Wald-Type tests for detecting Breaks in the Trend Function of a
Dynamic Time Series. Econometric Theory 13, pp. 818 – 849.
Wilson, T. C. (1998), Portfolio Credit Risk, FRNBY Economic Policy Review, October.
Wilson, T. C. (1997a). Credit Risk Modelling: A new Approach. New York: McKinsey Inc.
(mimeo)
Wilson, T. C. (1997b). Portfolio Credit Risk (Parts I and II). Risk Magazine, September and
October.
Zúbek, P. (2003), Centrální registr úvěrů, Zpráva tiskového mluvčí, ČNB – odbor
komunikace, ČNB, (http://www.cnb.cz/bd_cruindex.php).

84

Credit Risk Management in the Czech Banking Context

Patrik Nový

Appendix
Appendix 1. – Chapter 3. Data
The quarterly macro-econometric data come from the IMF’s International Financial
Statistics covering the period (IFS) 1994Q1 – 2002Q4. All volumes are expressed in real
terms in 1995 prices. USA GDP is in the IFS stated in 1996 prices. GDP deflator
(1995=100) has been used to discount it to 1995 prices.
USA Data. Treasury Bill Rate, Consumer Prices, Export Prices, GDP Volume 1996,
GDP Deflator (1995=100). Acronyms used UTBR3M, UCPI95, UEXP95, UGDP96,
UGDPdef95.
Germany Data. Treasury Bill Rate, Deposit Rate, Consumer Prices, Harmonized
CPI, Export Prices, GDP Volume 1995 Prices. Acronyms used GTbill, G3MDR1,
GCPI95, GHCPI95, GEXP95, GGDP95.
The World data (Interest rate, price level, product) are computed as a weighted
average of USA data and German data expressed in dollars. Germany is given weight 0.65,
USA is given 0.35. DM/CZK exchange rate is substituted for by EUR/CZK since 1999Q1.
To reach full consistence Irrevocable European Commission Conversion Rate,
1EURO=1.9558DM, is used.
CZE Data. Koruny per US Dollar: End of Period (ae) Period Average (rf) - Official
Rate, Money Market Rate, Treasury Bill Rate, Consumer Prices, Exports, Imports,
Government Deficit (-) or Surplus, GDP Volume 1995 Prices. Domestic demand =
Household Consumer Expenditures including NPISHs + Gross Fixed Capital Formation +
Changes in Inventories + Gross Saving. Acronyms used CCZUSEOP, CCZUSPA,
CMMR, CTBR, CCPI95, CEX, CIM, CG, CGDP95, DD, CHCENPISH, CGFCF, CCII,
CGS.
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Appendix 2. – Co-integration Methodology
Co-integration testing, Engle-Granger Methodology
To test for co-integration of domestic and foreign price level measured by CPI’s we apply
the Engle-Granger methodology of co-integration testing, Engle, Granger, (1987).
A) Variables are pretest for order of integration. For a meaningful analysis both of
the variables need to be of the same order of integration, I(p), where p is the order of
integration. Test applied are Augmented Dickey Fuller (ADF) test and KwiatkowskiPhillips-Schmidt-Slim (KPSS) test. If the variables are non-stationary, we difference them
until we achieve stationarity and apply tests to transformed data. If they are integrated of
different order, we conclude that they are not co-integrated. If the data are stationary, usual
time series methods can be used instead of investigating the co-integration relationship.
B) Long-run relationship is assumed and estimated by OLS72 in one of the following
specifications, if both of the series are I(1):

a-form: pt = αpf t + ε at
b-form: pt = c + αpf t + ε bt
c-form: pt = c + αpf t + βtime + ε ct
where c is a constant, t = 1,...,T, time a dummy variable for a time trend, εi,t, where
i = a, b, c, is an i.i.d. error term and all remaining notation stays as above. The choice of
the regressor and the regressed variable depends on economic reasoning.
Second, we retrieve the estimated long-run relationship equation error terms denoted
)
ε
as i,i and test them for stationarity. If these deviations from long-run relationship are
stationary the series in question are said to be co-integrated of the order (1, 1). Stationarity
is tested by a special version of the ADF test. Specifically, we OLS regress
)
)
)
)
∆ε i ,t = γε i ,t −1 + δ 1 ∆ε i ,t −1 + ... + δ k ∆ε i ,t − k + ν t
where ∆ denotes first difference, γ and δ´s are coefficients, ν t an i.i.d. error term. k
denotes the optimal number of lags of the left-hand side variable correcting for
autocorrelation73. We do not need a intercept since the error term estimation is constructed
so, that they are centered about zero mean.
Then, if, we do not reject H0: γ = 0, i.e. error terms contain a unit root, against HA: γ
≠ 0, error terms are stationary, we (grossly) conclude that there is no co-integration among
pt and pft. In the opposite case, we say that pt and pft are co-integrated of the order (1, 1).
72

If the variables are co-integrated, the OLS estimator yields a “super-consistent” estimator of the cointegrating parameters c, α, Enders (1995) pp. 374-380.
73
Optimal number of lags is based on the ACF function.
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Due to technical reasons, we use special, stricter critical values as tabulated in MacKinnon
(1991). The further procedure differs according to the outcomes of co-integration test. If
CI is present, we explore its dynamics. If not, we estimate Granger causality.
Third, if CI is present a better model than Granger causality can be constructed. We
estimate the Error Correction Model (ECM) as follows:
∆pt = c p + ρ p ( pt −1 − αpf t −1 ) + φ p1 ∆pt −1 + ... + φ pk ∆pt − k + φ pf 1 ∆pf t −1 + ... + φ pfk ∆pf t − k + η pt
∆pf t = c pf + ρ pf ( pt −1 − αpf t −1 ) + φ p1∆pt −1 + ... + φ pk ∆pt − k + φ pf 1∆pf t −1 + ... + φ pfk ∆pf t − k + η pft

,

)
where the LR relationship (pt-1 –βpft-1) is substituted for by ε it purely for estimation
comfort. Most importantly we are interested in statistical significance and magnitude of ρp
and ρpf, i.e. in the so-called ”speed-of-adjustment” coefficients.

Interpretation of ECM model
Fourth, assessment of the model besides traditional check for Classical Regression Model
assumptions (also the white noise property of disturbances is investigated) contains mainly
of assessment of the significance and magnitude of ρy and ρx. Following requirements
should be fulfilled, respectively these conclusions can be drawn if computations were
correct.
i) larger ρy or ρx implies fast adjustment.
ii) at least one of ρy and ρx needs to be different from zero. If not, there is no error
correction and no CI and in II.b) –c) a mistake was made.
iii) ρy = 0 and d´y1 … d´yk all equal to 0 implies that y is unaffected by the deviations
from LR relationship and also that y does not GC x, and vice versa for x.
II.g) In this section, based on the results of the co-integration test as well as on the
estimated dynamics of hypothetical CI we draw economic conclusions.
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Appendix 3. – Model Estimation
The model’s estimation has been carried out in econometric package EViews 3.0. Monte
Carlo simulation were programmed and run in programming environment MatLab Student
Edition 5.4.
GDP block
Production side – Estimation
The product identity and the domestic demand equation write:

y t = ln (exp dd t + exp xt − exp mt ) ,

App.

1

App.

2

and

(

)

dd t = dd ts + c10 + c11 (ii − exp π t ) + c12 dd t −1 − dd ts−1 + ε 1t ,

where the coefficients can be interpreted as: c10 = intercept, c11 = sensitivity of domestic
demand to changes in real ex ante interest rate, and c12 = excess demand persistency.
Having performed estimations of dozens of specifications more or less similar to Eq.
App. 5 (alternative lag structure, alternative regressor and instrumental variable structure),
it has proved impossible to yield any results which would be reasonable yet statistically
significant. Therefore we opt for taking the estimates over from the original work of
Mahadeva and Šmídková (2000). The specification used in the work reads:
)
dd t = dd ts + 0.027 − 0.37 * (ii − exp π t ) + 0.51 * dd t −1 − dd ts−1 ,
App.
3

(

)

The original estimates were all significant at 5% s. l. No signs of autocorrelation were
present. Explanatory power was R2 = 38% (adjusted R2 =30,2%).
Trade balance side – estimation
Import. The import and export equations are given by Eq.s. App. 4 and App. 5.
mt = c 20 + c 21 dd t −1 + c 22 ( pf t −1 + et −1 − pt −1 ) + c 23 (dd t − dd t −1 ) + ε 2t ,

App.

4

App.

5

K

xt = c30 + c31 yf t + c32 ( pf t + et − pt ) + ∑ c3,i xt −i + ε 3t ,
i =1

where the coefficients can be interpreted as: c21 = marginal propensity to import
(regardless of the inclusion of past or present value of the domestic demand parameter
estimates were almost the same), c22 = (marginal) effect of real exchange rate, c23 =
marginal propensity to import as a proportion of the last quarter’s growth, c31 = marginal
propensity of the “World” to import from the Czech Republic = MPIw, c32 = (marginal)
effect of real exchange rate, and c3,i‘s = coefficients of export momentum (autocorrelation).
The final estimated specification is slightly different from the one of the original
model. The estimate of the intercept kept being insignificant (at reasonable s. l.) and its
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presence hampered also the other estimates, therefore it was not included. On the other
hand, the rest of the regressors, ie. real exchange rate and change in domestic demand, are
from the main part drivers of changes in import, they can hardly account for the “level”
value of the imports. From this reason, one quarter lagged value of imports has been tried
out and the results are satisfactory.
The import equation is estimated by OLS, while White’s HC and/or Newey-West
HAC variance estimators successively take care of error variance structure problems.
)
mt = 0.554* mt −1 + 0.309* dd t −1 − 0.819* ( pf t −1 + et −1 − pt −1 ) + 0.466 (dd t − dd t −1 ) + ε 2t , App.
( 0.119 )**
( 0.082 )**
( 0.340 )**
( 0.158 )**

6

R2 = 93% (adjusted R2 = 92%), DW = 1.812 => Durbin’s h = -1.340, White’s HC errors &
covariance (Newey-West HAC estimator gives almost identical SE’s).
Overall, the import equation seems very stable as the estimates are very close (in the
case of real exchange rate identical) to estimates fitted to sample 1994 – 1997. Predictive
qualities of the estimated specification can be inferred from the following figures, AppFig. 1. The left graph plots actual quarterly imported volumes (solid line) and volumes of
import statically (dynamically in lower pictures) predicted by Eq. App. 9 (dotted line).
Left figure shows the static (dynamic) forecast with estimated (simulated) 2*SE’s.
App-Fig. 1
400

400
Forecast: CIMF2
Actual: CIM
Sample: 1994:2 2003:1
Include observations: 35

350
300

300

Root Mean Squared Error
19.96350
Mean Absolute Error
16.15588
Mean Abs. Percent Error6.934680
Theil Inequality Coefficient
0.039405
Bias Proportion
0.000029
Variance Proportion 0.024068
Covariance Proportion
0.975904

250
200

200
150

100

100
0

50
94

95

96

97

98

99

00

01

02

95

03

400

96

97

98

99

00

01

02

03

500

350

Forecast: CIMF
Actual: CIM
Sample: 1994:2 2003:1
Include observations: 35

400

300

Root Mean Squared Error23.55350
Mean Absolute Error
18.46400
Mean Abs. Percent Error7.813195
Theil Inequality Coefficient
0.046472
Bias Proportion
0.000887
Variance Proportion 0.034843
Covariance Proportion
0.964270

300

250
200

200

150
100

100
0

50
94

95

96

97

98

99

00

01

02

03

95

96

97

98

99

00

01

02

03

Export. Estimation of Eq. App. 8 is done by OLS (White’s heteroskedasticity consistent
covariance estimator brings in no additional efficiency or change in results, therefore it is
not utilized):
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xt = − 375.18+ 0.125* yf t + 1.09 *( pf t + et − pt ) + 0.36 * xt −1 + 0.39 * xt − 2 + ε)3t
(142.592 )**

(0.044 )**

( 0.743)

( 0.160 )**

( 0.149 )**

App.

7

R2 = 96% (adjusted R2 = 96%), DW = 1.812 => Durbin’s h = 0.84474
The data illustrate that the export from the Czech Republic is both price and income
elastic. The estimate of the income effect is highly significant (below 1%) suggesting that
out of each additional USD billion of the World output, the Czech export exhausts CZK
125 million.75 Estimates are not far from the original ones.
Lags of the real exchange rate proved highly insignificant when included, which
corresponds to findings of Mahadeva and Šmídková, who described the exchange rate
pass-through onto volumes as quick. The same holds true also for yf which implies that
decisive portion of the price and also the income effects occurs in the current quarter.
Let us just note, that surprisingly, if we reduce the definition of real exchange rate to
CZK/USD real rate we gain statistically highly significant estimate of the price effect, see
Eq. App. 10, as if US $ were the currency according to which the World importers decide
on purchasing.
xt = − 475.93+ 0.148* yf t + 1.85 *( pf t + et − p t ) + 0.32 * xt −1 + 0.44 * xt − 2 + ε)3t
(127.940 )**

(0.039 )**

( 0.668 )**

( 0.150 )**

( 0.139 )**

App.

8

R2 = 97% (adjusted R2 = 97%), DW = 1.875.
Nevertheless, bulk of Czech imports heads towards Germany and the EU meaning a
majority of exports are carried out in DM and/or € as the accounting currency. The
significance of the USD is therefore more likely ascribable to “unsettled” data than to an
underlying economic pattern. So, in the forecasting we rely on Eq. App. 10 with original
real exchange rate definition.
Foreign exchange rate – estimation
Two approaches of the exchange rate equation estimation have been used. Firstly,
specification of the original model has been adopted (see A). Secondly, we derived an
alternative one (see B) to it. In the model, the first one, more conservative approach, has
been utilized although the alternative gives good result.
A. The original specification reads

i − if t −1


e t − e t −1 = ∆e t = c 40  Ε t −1 ∆ete − t −1
+ c 41  + ε 4t .
4



74

App.

9

Durbin’s h-statistic is a modification of the DW statistics used when lagged value of the regressand is

( (

))

, n is
present of the right-hand side of an equation. It is calculated as h = (1 − dw / 2 ) * n / 1 − n * SE 2
number of observations, SE = SE of the lagged value coefficient, and under H0: “No serial correlation” it is
normally distributed.
75
On average, during the historical period.
1/ 2
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Constant nominal exchange rate terminal condition is included to acknowledge an upward
trend in real exchange rate, which is, with nominal exchange rate fixed, present as long as
the domestic inflation outpaces the foreign one. The terminal condition also ensures stable
future nominal exchange rate: TC: eT = eT −1 .
Although the data series on the inputs of the exchange rate equation seem to be
sufficiently long for estimation. However, it was only on May 27, 1997 when the exchange
rate became non-fixed so the time series needs to be adjusted accordingly. As a result, we
were forced to do the same as the authors of the original model - to remain satisfied with
calibrating the parameters of Eq. App. 12. None of the numerous specifications, altering
the sample length and estimation techniques, inclusion of some other regressors, etc. has
led to satisfactory estimates of the determinability-of-the-exchange-rate coefficient. Signs
of the coefficients were in line with economic theory, but their magnitude and statistical
qualities were out of order. Moreover, as shown by the Jarque-Bera test, normality of the
residues is questionable, too. All the specifications have been estimated by TSLS as the
expectation variables Ε t −1ete and Ε t −1∆ete are constructed as a weighted average of past and
future values of the exchange rate. Newey-West HAC consistent covariance estimators
were used to solve the autocorrelation and heteroskedasticity features of the estimated
equations.
A number of specifications of Eq. App. 12.have been tried out. Out of these, one or
two gave approximate results, eg. Eq. App. 13, but still far from the economic expectation
as the coefficient stating the extent to which the exchange rate behaves according to the
UIP condition is unreasonably low.
i − if t −1

 )
et = et −1 − 0.006*  Ε t −1 ∆ete − t −1
+ 0.02  + ε 4t
( 0.009 )
4



App.

10

R2 = 53% (ad. R2 = 53%), DW = 2.22, determinability coefficient is insignificant. Ε t −1ete =
0.8*et-1+0.2*et+1. et+1 is instrumented by ift-1, i t-1, e t-1 and e t-2.
Obviously, calibration would be the best solution here. As regards the parameter c40,
the measure of the extent to which the exchange rate is driven by the UIP condition as
opposed to random walk, its value will be taken over from the former model estimation, ie.
c40 = -0.80. Risk premium of the Czech republic, here c41, is calculated as the 1995 – 2002
interest rate differential.
B. Alternatively we could derive the specification from the notorious textbook
formulation of UIP, which, slightly rewritten, gives:



Ε t e te+1
,
e t = 

−
+
−
i
if
1
rp
t
t
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which can be further transformed into estimable, log-linear stochastic expression:

(

)

ln e t = c 42 ln Ε t e te+1 − ln (i t − if t + 1 − c 41 ) + ε 4t ,

App.

12

where the coefficient c42 denotes as well the extent to which the exchange rate is
determined by the UIP condition. The estimation of the alternative derivation yields
estimates, which are stable over different data sub-samples, Eq. App. 16, but from the
point of view of coefficient of determination inferior.
ln et = Ε t ete+1 − 10.3 * ln (it − if t + 1 − rp ) + ε)4t

App.

(1. šší )**

13

Instruments: CMMR, IF and E(-1).

However, if we refurbish the alternative UIP specification in a slightly data-mining
manner and insert into the expression lagged value of the log of exchange rate, estimation
by TSLS using the Newey-West HAC covariance estimator produces a nice outcome.

(

)

ln et = 0.391 ln Ε t ete+1 − ln (it − if t + 1 − 0.02 ) + ln et −1 + ε 4t
( 0.014 )**

App.

14

where ln Ε t ete+1 = ln(0.8 * et −1 + 0.2 * et +1 ) and et+1 is in an auxiliary regression regressed on
it, ift, et-1 and lnet-1 as instruments. DW = 0.156595
We see the estimated coefficient c42 (stat. sig. at 5 % s. l. and very robust to
alternative changes in sample length) is two times smaller than the originally estimated
coefficient. Its value of 0.391 suggests that approximately 40% of the exchange rate
movements behave in accordance to the Uncovered Interest-Parity condition with the rest
being driven by a random walk. This is quite surprising since common sense would tend to
believe the degree of regularity/predictability of the macro series would rise with the
undergoing economic transformation. Nevertheless, 40% importance of the UIP condition
seem usable and will be used in testing of the dynamic predictive qualities of the model
latter in Appendix.
Although in the main text, we adhere to the calibrated original equation, Eq. App. 13,
predictions with Eq. App. 16 were performed and we have to say the prediction quality
was equally.
Domestic Price Block - Estimation
There is number of possible specifications of the domestic price equation (Eq. App 17).
K

(

)

pt − pt − 4 = ∆ 4 pt = exp π t + c50 (∆ 4 pt −1 + c51 (∆ 4 pf t −1 + ∆ 4 et −1 )) + ∑ c5,i y t −i − y ts−i + ε 5t ,
i =1

App. 15

∆ 4 pT = c31 (∆ 4 pf T + ∆ 4 eT ) ,
They first differ in the formation of the expected inflation, exp πt. Various weighted
combinations of backward- and forward-looking expectations and also completely
backward-looking expectations were tried out. Although from economic descriptive point
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of view it would be reasonable to stick with weights 80% backward- and 20% forwardlooking expectations, 90% and 10% proved better from the statistical significance
viewpoint and is thus preferred. Alternative calibrated values of output effect on inflation
were tried out to give way to the estimated value, adjustment in the output gap – inflation
pass-through was done, etc. Lastly, discussion about coefficients of co-integration of
domestic prices and foreign prices and their various lags play their roles, too.
If we estimate the original specification by TSLS accompanied by the Newey-West
HAC (Heteroskedasticity and Autocorrelation Consistent) estimator of the covariance
matrix,76 we get Eq. App. 19.
∆ 4 CPI 95 t = (0.8 * ∆ 4 CPI 95 t −1 + 0.2 * ∆ 4 CPI 95 t +1 ) +

(

)

c50 * (∆ 4 CPI 95 t −1 + 0.3 * (∆ 4 pf t −1 + ∆ 4 et −1 )) + c52 * y t −1 − y ts−1 + ε t

App.

16

From estimation reasons the future value of the inflation measure (CPI95(+1)) is due to
correlation with the error term substituted by two instrumental variables, ie. inflation
lagged one quarter and last quarter GDP growth. The estimates are shown in Eq. App. 19.
∆ 4 CPI 95 t = (0.8 * ∆ 4 CPI 95 t −1 + 0.2 * ∆ 4 CPI 95 t +1 ) −

(

)

)
0.23 * (∆ 4 CPI 95 t −1 + 0.3 * (∆ 4 pf t −1 + ∆ 4 et −1 )) + 0.042* y t −1 − y ts−1 + ε t

(0.095 )**

( 0.023)*

App.

17

77

Truncation lag = 2, Instruments: CPI95(-1), Growth(-1), ∆4pf(-1), ∆4e(-1), ∆4CPI95(-1), GDP(-1),
HPTRENDGDP95(-1),

where ys is the output potential computed as GDP adjusted by Hodrick-Prescott filter and
Growth = (GDP-GDP(-1))/GDP).
Nevertheless, the preferred specification is a little bit different from the original
Mahadeva and Šmídková’s specification. It modifies the long-run relationship of domestic
inflation (dotted line in App-Fig. 2) and import prices inflation (solid line in App-Fig. 2)
by testing for their co-integration by the Engle-Granger methodology, Engle, Granger,
(1987).

76

In fact, we first estimated Eq. App. 19 by Ordinary least squares. c50 was estimated as -0.25, c52, the
output gap effect, as 0.05. As we suspected the future value of the inflation to be correlated with its current
value, endogeneity of CPI95(+1) was tested by the Davidson-MacKinnon version of the Hausman test. The
suspect, the one-quarter-ahead value of the inflation, was OLS regressed on the rest of the regressors and the
instruments. Original form of the model computes fitted values of CPI95(+1) and includes them among the
regressors of the first equation. Next, significance of the estimated coefficient at fitted CPI95(+1) is tested. If
it is significant at a chosen s. l., the hypothesis of exogeneity is rejected. If otherwise, it is accepted. Here, we
retrieved the residuals from the auxiliary regression and inserted them into estimation of Eq. App. 19 instead
of the fitted values, as this ensures equal results, for proof see Nový (2001), and is computationally simpler.
Further on we proceeded the same. This way, we obtained -0.62 as the estimate of the coefficient in question
with associated p-value of 0.0867 and Wald coefficient test’s χ2 testing Ho: Coefficient ”in question” equals
zero reaching 3.36 with p-value 0.0667. This was viewed a substantial sign of endogeneity and a reason for
application of TSLS.
77
The truncation lag, i.e. the parameter representing the number of autocorrelations used in evaluating the
dynamics of the OLS residuals, is set to 2 by an optimization algorithm suggested by Newey and West.
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160

140

120

100

80
94

95

96

97

98

99

00

01

02

03

Both series are I(1)78 and at first glance we see, that a time trend and an intercept
characterizes the long-term relationship. Residuals from estimation of
pt = c + α * pf t + β * time + ε ct are stationary,79 the estimation of the Error Correction
Model yields:
)
∆pt = 0.225 *( p t −1 − c) − α) * pf t −1 − β * timet −1 ) + 0.545* ∆pt −1 + ηˆ pt
( 0.115 )*

( 0.137 )**

App.

18

DW=2.7, R2 = -0.24 (ad. R2 = -0.28).
The value of the coefficient implies that: 1) One-time change in pf: approximately 23% of
the one-time change in imported inflation is absorbed by domestic inflation. The
adjustment occurs very quickly, majority within the first successive quarter as ∆pft-1 and all
higher lags are highly insignificant. Due to the autocorrelation channel (0.545*∆pt-1),
however, as much as ½ of the shock is adopted by CPI by the 10th quarter. 2) Permanent
change in pf: approximately 23% of the change in imported inflation is absorbed by
domestic inflation in the first quarter. Starting from the second successive quarter, the
autocorrelation channel (0.545*∆pt-1) brings in additional adjustment. About ½ of the
shock is adopted by the domestic prices (CPI) by the third quarter and virtually all of the
adjustment is finished by the 9th quarter.
The co-integration “speed-of-adjustment” coefficient with the value of 0.225 is about
one third smaller than the number used in the original model. Thanks to very good
statistical significance (close to 5 %) of the estimate it seems promising to adjust the
original value. By doing this, however, we accept the idea that the openness of the
economy has become suppresses or that the import price sensitivity has dropped. Also the
new expectation weights are applied to the re-specification and finally, three times lagged
output gap (yt-3 – yst-3) is added to achieve statistically most significant results

78

Both the Augmented Dickey-Fuller and the Phillips-Perron Unit Root Tests rejected the hypothesis of a
unit root at 1% significance level using the MacKinnon critical values for first differenced series and fail to
do this for levels at any reasonable sig. level.
79
The I(0)-ness of the errors is tested with the same significance level as in the case of first differenced
series.
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(

)

0.35 * (∆ 4 CPI 95 t −1 + 0.225 * (∆ 4 pf t −1 + ∆ 4 et −1 )) + 0.084* y t −1 − y ts−1 +

(0.104 )**

(

+ 0.095* y t −3 − y
( 0.046 )*

s
t −3

)+ ε

( 0.039 )**

)

App.

19

t

Truncation lag = 2

Estimates say that each marginal CZK billion of output gap in the last period leads
approximately to 0.1 p.p. rise in CPI. The same shock to the gap impacts the inflation also
in the second next quarter from now and boosts it also by approximately one tenth of a
percent. For example, the maximum output gap during the period is CZK 33 billion
(1996:3), which would according to this finding add to the CPI more then 3 p.p. Lowest
bust, CZK -26 billion (1994:1), would on the other hand slower the pace of price inflation
by some 2.5 p.p. Estimates seem to be stable as estimates on sub-sample 1994Q1 - 1999Q4
gave very similar results and Chow test gave no hint of structural breaks.
Regarding the coefficient describing the reaction of inflation to last quarter’s
deviation of the inflation from its long-run relationship with imported inflation, it is
estimated at the level of 0.35, it is highly significant and about one half of the original
value suggesting greater stickiness of the inflation in this respect.
Finally, for the prediction and the main text analysis we choose to use the latter
specification, Eq. App. 21, with a slightly worse fit then the original specification, but with
much greater significance of the estimated parameters.
Unemployment
The estimation is straightforward, done by OLS and correcting for possible
heteroskedasticity by Newey-West HAC estimator, EQ NO.
)
unemp _ gap t = 0,749* unemp _ gap t −1 + 0.012* GDP95GAP + ε 7t
App. 20
( 0.005 )**
( 0 ,130 )**

R2 = 57% (adjusted R2 = 55%), DW = 1.29 => Durbin’s h = 3.65.
The statistical significance of the autocorrelation coefficient complies with the underlying
notion of unemployment/labor markets stickiness. Nevertheless, two times lagged
unemp_gap is insignificant and does not improve the signs of serially correlated errors.
The gap of GDP seems influence the unemployment rates, eg. a CZK 40 billion through
brings about approximately an additional 0.5 p.p. increase of the unemployment rate over
the NAIRU. The comparison of the actual historical values of the unemp_gap and the
predicted values are shown in App-Fig 3.
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App-Fig 3
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Dynamic prediction

Here we show the dynamic forecasting properties of the estimated model and look at the
necessity to adjust it by re-estimation or by (residual shift) add-factors. Secondly, we
perform predictions based on alternative driver variable scenarios to track variables
interesting from the point of view of the credit quality simulation.
Description of (baseline) assumptions on exogenous variables
Domestic demand: Potential domestic demand in the forecast period is approximated
by a log-linear trend, which is a natural continuation of the shape of the historical trend set
by the HP filter. The steepness of the future trend is relatively conservative; it is based on
the slope of the second half of period. The baseline simulation is robust to alternative
(reasonable) positions and slopes of the trend. GDP: Future potential GDP is approximated
by a linear trend fit at the historical data. Interest date: Domestic interest rate, it, is for the
future fixed at 3%. Very low projections of the interest rate have led to instability of the
model. World price level: pf growths constantly by 2 p.p. every year leading to inflation of
about 1.5% and very gently slowing. World’s output: After a temporary downturn in the
second half of 2003, the output of the World is projected to follow a linear trend with the
slope of the historical data.
Regarding the parameters, there is an important note: unless the output-gap effect on
inflation is low, the model is unstable. The higher the effect, the more unstable. With a
value of 0.5 the model breaks down in an oscillatory explosion. 0.15 and lower values are
all right.
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Baseline simulation
Based on the above assumptions, the baseline dynamic projection of the endogenous
variables and their distributions is presented in App-Fig 4.

App-Fig 4
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We see, that except for slightly “uncertain” prediction of GDP and the exchange rate,
the predictions are quite reliable, with low standard errors.
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Appendix 4. – Abstract of Information on Risk Management
form Czech Banks’ Annual Reports
Bank
(source)
Citibank, a.s.
(AR 2002)

Market risk

Interest risk

Credit risk

Value-at-Risk

-Potential change in the portfolio
value based on (regularly updated)
sensitivity to risk factors. Standardized changes of risk
factors:
--exchange rate – 1% relative
change
--interest rates – parallel shift of the
yield curve by 1 b.p. for the trading
book and by 2 SE for the lending
book.
--Commodity prices - 1% relative
change
--Share prices - 1% relative change
--Factors volatility - change by 10
b.p. (0.1%).

-Interest rate derivatives.
-Trading book:
Simulation - portfolio values for different
yield curve modifications. VaR. Stress
testing.
-Lending book:
Gap analysis, EaR = potential change in
net interest earning before tax given by a
change in the interest rate by 2 SE’s,
stress testing

-Receivable classification
-Evaluation of collateral
-Scoring in retail banking
-Provision calculation
-CRM models
-Concentration limits, cross-border
risk limits, limits on lending
to related parties
-Target markets and target selected
clients
-Stress-testing to set limits

-Used in market risk
management
-99%, 1 day

-NIE** sensitivity to market interest rates
(non/parallel discreet yield curve shifts,
yield curve stochastic simulation)
-simulation of a change in market value
due to market yield curve shifts (including
key rate duration)
-duration analysis
-gap analysis
-Basic indicator is the sensitivity of the
expected net interest earnings in face of
parallel shift of market interest rates by +100 b.p. (+-1%) in 36 months horizon.
-Interest rate swaps
-Lending book:
--gap analysis, limits
-Trading book
-- VaR, 97.5%, 1 business day, last 100
business days.

-Independent CRM dept.
-Firm and retail level:
-- fundamental analysis, 10 grade
internal rating system,
-- credit scoring, behavioral scoring
underway
-- assessment of collateral
--non-stop monitoring
-Portfolio level
--analysis and monitoring.
--CRÚ and Bankovní registr
klientských informací.

-Used in market risk
management
-1 day, 99%., 500 obs.
-KVaR+ methodology
-Backtesting
-Aggregated
measurement of trading
and lending book risk

Česká spořitelna,
a.s.
(AR 2002)

ČSOB, a.s.
(AR 2000)

eBanka, a.s.
(AR 2002)

-Trading book :
--VaR,
--Gap,
--Stop loss limits

Interest risks.
VaR, 99, 1day, 250
VaR stress testing
Backtesting s Var 99.

Komerční banka,
a.s.
(AR 2003)

Živnostenská
banka, a.s.
(AR 2002)

-Interest rate derivatives.

Market
Derivatives.
limits

-Independent CRM dept.
-Assessment of collateral
-Internal rating (IR): 7 grades, A-C
standard/non-classified. D-G
classified
-IR influences: concentration and
other limits, minimal risk margin,
regime of monitoring.
-Internal audit team – random
revision.
-Interest rate VaR.
-Interest Gap analysis
-Receivables classification
-Scoring
-Models for calculation of expected
loss – type of product, maturity,
zajisteni, expected rate of default.
-Classification of collateral
-Concentration limits
-Application of advanced IRB
Basel II. methods.
-Regular calculation of unexpected
credit risk (VaR)
-Mezibankovni registr klientských
informaci and CRÚ
-Evaluation of client
creditworthiness
-Credit Risk Machine following
concentration limits
-Receivables classification (ČNB)
-Scoring function
-Credit risk
-Concentration limits

-2002- VaR = CZK 12
036 thousand.

-1 day, 95%,
-backtesting
-End of 2002 VaR = CZK
640 thousand.
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Appendix 4. – Overview of Resources Related to Macroeconometric Modelling in Central and Eastern Europe
Czerwinski, Z., Kiedrowski, R., Konopczynski, M, Panek, E. (1998). Kempo Model as a Tool for
Generating Growth Scenations of the Polish Economy by Institutional Sectors, Proceedings,
The 25th International Conference Macromodels ’98 and The 3rd Conference of the
International Association AMFET Modelling Economies in Transition, Welfe, W., ed., Vol. 1.,
pp. 53 – 74, Dec. 3 – 5, Jurata, Poland.
Fisher, S., Sahay, R., Vegh, C. (1998). From Transition to Market: Evidence on Growth Prospects.
WP/98/52, IMF, Washington, D.C.
de Haan, L., Naumovska, A., Peeters, M. (2001). Makmodel: A Macro-econometric Model for the
Republic of Macedonia. National Bank of Macedonia, Monthly Reports, 26th September.
Barry, F., Bradley, J., Kejak, M., Vávra, D., (2000). The Czech Economic Transition Exploring
Options Using a Macrosectoral Model. Working Paper Series CERGE- EI, No. 158., October,
Prague.
Beneš, J., Vávra, D., Vlček, J. (2002). Střednědobá makroekonomická predikce. Makroekonomické
modely v analytickém systému ČNB. Finance a úvěr, ročník 52, 4/2002, s. 190 – 196, FSV,
UK Praha.
Frait, J., Komárek, L. (2002). Česká ekonomika v makroekonomických modelech. Finance a úvěr,
ročník 52, 4/2002, s. 190 – 196, FSV, UK Praha.
Hanousek, J., Tůma, Z., (1994). Macroekonomic Model of the Czecg Economy: Proposal of the
Possible Approach. Finance a Úvěr, No. 1.
Hlušek, M., Singer M. (1999). Možnosti modelování vývozu a dovozu v období restrukturalizace.
Finance a úvěr, Vol. 49, No. 3, pp143 –156.
Kejak, M. A. (1999). small macroeconometric model of the Czech Republic (SMEC). EI Discussion
Papers, EI/DP 15., Academy of Sciences of the Czech Republic, Economics Institute, Praha,
Czech Republic.
Kejak, M., Vávra, D. (1999). Modeling the macroeconomic impact of the CSF on the Czech Republic
using the Hermin model: some preliminary results. Cerge-EI Discussion Papers, Cerge/DP
27/99, Cerge-EI, Praha, Czech Republic
Mahadeva, L., Šmídková, K (2000). Modelling the transmission mechanism of monetary policy in the
Czech Republic. L. Mahadeva and G. Sterne Eds., Monetary policy frameworks in a global
context. Routledge, London.
Šmídková, K. (1999). Srovnání alternativních měnových pravidel v modelu české ekonomiky:
disertační práce / Kateřina Šmídková. Universita Karlova, Fakulta sociálních věd, Institut
ekonomických studií, Praha.
Qin, D., (1997). On Macromodeling of Transition Economies with Special Reference to the Case of
China. Department of Economics, Queen Mary and Westfield College, University of London,
November. (mimeo)
Vošvrda, M. (1997). Econometric Model for the Czech Economy. (CD-ROM), Prague.
Http://vosvrdaweb.utia.cas.cz/makroekonomie/index.htm
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Appendix 5. – Alphabetical List of Companies in the Analyzed
Portfolio
Aero Vodochody, a.s.
Aliachem, a.s.
Aliatel, a.s.
Autopal, s.r.o.
Benzina
ČEPRO
Česká rafinérská, a.s.
České radiokomunikace, a.s.
Českomoravské doly, a.s.
Český Telecom, a.s.
ČEZ
ČKD DIZ, a.s.
Čokoládovny, a.s.
ČSA, a.s.
Dopravní stavby Holding, a.s.
Elektrárny Opatovice, a.s.
EZ Praha, a.s.
Graverbel Czech, a.s.
Chemopetrol, a.s.
IPS Skanska, a.s.
Jihočeská energetika, a.s.
Jihočeská plynárenská, a.s.
Jihočeské mlékárny, a.s.
Jihomoravská energetika, a.s.
Jihomoravská plynárenská, a.s.
Karosa, a.s.
Kaučuk, a.s.
Léčiva, a.s.
Lovochemie, a.s.
Metrostav, a.s.
Moravské naftové doly, a.s.
Mostecká uhelná, a.s.
Nová Huť, a.s.
OKD, a.s.
Paramo, a.s.
PLIVA - Lachema, a.s.
Plzeňský prazdroj, a.s.
Pražská energetika, a.s.
Pražská plynárenská, a.s.
Pražské pivovary, a.s.
Radiomobil, a.s.
Setuza, a.s.
Severočeská energetika, a.s.
Severočeská plynárenská, a.s.
Severočeské doly, a.s.
Severomoravská energetika, a.s.
Severomoravská plynárenská, a.s.
Sokolovská uhelná, a.s.
Spolana, a.s.

Stavby silnic a železnic, a.s.
Středočeská energetika, a.s.
Středočeská plynárenská, a.s.
Subterra, a.s.
Škoda Auto, a.s.
Škoda Praha, a.s.
Škoda, a.s.
Tabák, a.s.
Tatra, a.s.
Třinecké železárny, a.s.
Vítkovické železárny, a.s.
Vodní stavby, a.s.
VSB, a.s. Hochtief
Východočeská energetika, a.s.
Východočeská plynárenská, a.s.
Západočeká plynárenská, a.s.
Západočeská energetika, a.s.
ZDAS, a.s.
Zetor, a.s.
ŽDB, a.s.
Železniční stavitelství Praha, a.s.
ŽS Brno, a.s.
Tesla Sezam, a.s.
Teplarna Kyjov, a.s.
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