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Abstract

This paper focuses on key macroeconomic driving factors influencing the loss given
default (LGD) — an important credit risk parameter determining credit losses of the
banking sector. Various econometric approaches are applied on both individual and
aggregated data for different bank segments in order to identify the sensitivity of LGD
parameters to both the micro characteristics of debtors and aggregated macro-level data.
Despite the relatively low importance of macro variables in the model combining micro-
and macroeconomic information, our estimates suggest that the macroeconomic
environment contributes directly to the variation in LGD. The results from the different
approaches confirm a negative link between LGD and consumption growth for the retail
portfolio, while in the case of the corporate segment, a negative link between LGD and
real GDP growth is identified. Importantly, given that aggregation effects and non-
linearities may substantially affect the choice of relevant macroeconomic variables, it is
essential to distinguish between models employing purely macroeconomic data and
models combining micro- and macro-based information.
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Nontechnical Summary

This paper analyzes the determinants of work-out loss given default (LGD) with respect to
macroeconomic factors. Various econometric approaches are employed on both individual and
aggregated data for different segments (retail and corporate) in order to identify the sensitivity of
LGD parameters to both the individual characteristics of debtors and macro-level data.

We use both an individual and aggregated data set on retail and corporate defaulted loans and
LGDs. We investigate this subject using two different approaches. Firstly, we estimate a
microeconometric model for explaining the LGD of a portfolio. However, in addition to
individual client characteristics, macroeconomic variables are used in the search for the proper
model specification (i.e., we use a combined model). Secondly, a pure aggregated-data model is
estimated using exclusively macroeconomic information. The results from the two approaches are
compared to obtain more robust information regarding the link between LGD and macro factors.

The results obtained from the combined model and the aggregated model using time series of
macro data lead to notable differences in the suggested macro links obtained from the different
estimation frameworks, even though the importance of macro variables in the models employing
individual data might be limited. Firstly, our micro and macro perspectives identify jointly only a
single macroeconomic factor within each of the two segments concerned. While for retail
customers the models indicate consumption-related factors as significant determinants, for
corporate clients the major determinant is real GDP growth. Other potential candidates do not
robustly enter either the microeconometric model or the macroeconomic model. Still, our study
partly conforms to the results from previous literature, as Caselli et al. (2008) also identified
consumption growth among the macroeconomic factors influencing the retail LGD, and GDP
growth among those influencing the SME LGD for Italian banking data.

The results of our study should help us gain more detailed information about the link between the
banking sector LGD and the business cycle of the Czech economy. This might be useful for —
among other things — identifying the potential losses in each bank’s portfolio based on
macroeconomic developments. Nonetheless, it is important to note that the differences in the
relevant macroeconomic factors derived from a purely macro-based as compared to combined
framework might have substantial implications for the conduct of top-down solvency stress tests
performed by regulatory authorities. These rely typically on a battery of so-called satellite models
linking macroeconomic developments to the financial sector. If micro-level information, such as
client balance sheet data, is missing, estimates obtained exclusively from macro data might paint a
rather different picture than more richly specified microeconometric models. As a result, the
outcome of this study might have positive implications for the current CNB stress-testing
framework, as it provides link between LGD behavior and macroeconomic variables of the Czech
economy.



Macroeconomic Factors as Drivers of LGD Prediction:
Empirical Evidence from the Czech Republic 3

1. Introduction

Over past 20 years, the literature has mostly emphasized the crucial importance of default rate
(PD) modeling as one of the important credit risk components indicating credit quality. Less
discussion has focused on other credit risk parameters such as loss given default (LGD) and
exposure at default (EAD). These two parameters have received more attention only in recent
years with the advent of the Basel II Capital Accord adopted in 2006, which enables banks to
estimate PD, LGD, and EAD parameters for determining the capital requirements within the
Advanced Internal Rating Based (AIRB) approach. The Basel II rules were introduced in the
European Union in 2007 with the so-called Capital Requirements Directive (CRD). The CRD
strongly emphasizes the importance of LGD and provides incentives for accurate measurement of
this parameter.

Since then, the focus on modeling LGD by banks and practitioners has substantially increased,
making its estimates — and therefore also banks’ capital requirement calculations — more accurate.
Research interest has also focused on the macroeconomic determinants of LGD, since its value
might vary with the economic cycle, as different characteristics influencing the recovery process
might be determined by the current stage of the economy (e.g., the price of the collateral
encumbered in the defaulted loan contract).

In addition, regulators’ need to possess reliable predictions of potential losses in banks’ loan
portfolios and to forecast the credit losses of the banking sector with respect to macroeconomic
developments has led to increased attention being paid to the estimation of a model linking
economic developments with the value of banks’ LGD parameters. This model is one of the
crucial input parameters into macro stress-testing models, which are used by regulators for
assessing the resilience of the banking sector to adverse economic developments. Moreover,
banks are also being encouraged to develop stress tests of their credit portfolio performance in
terms of macroeconomic shocks and to estimate the so-called downturn LGD — the value of the
parameter reflecting losses during downturns in the business cycle. The given reasons imply close
investigation not only of the relationship between the LGD outcome and potential predictors
characterizing clients, but also of the linkages between LGD performance and the economic cycle.

Nonetheless, recent studies have shown that the development of LGD models suffers from limited
and/or incomplete data on the recovery process, including an insufficient time span covering the
collection of debts after a default event. As a result, a well established and accepted paradigm for
LGD modeling has still not been determined.

The present study focuses on the link between the loss given default (LGD) and key
characteristics of debtors and macro-level data. We focus in particular on the relationship between
LGD and macroeconomic factors for the Czech Republic. The analysis is performed both on
individual data on defaulted clients and on aggregated time series. Importantly, given that
modelers’ aggregate solvency stress tests often lack sufficiently granular data, we employ both a
“bottom up” and a “top down” approach to model selection in order to better understand the gains
from the inclusion of more detailed client- and/or facility-level information. Put differently, by
performing a separate model selection exercise using combined data (“bottom up”’) and aggregate-
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level data (“top down”), we allow for maximum flexibility to exploit the information at each level
of aggregation and then compare the final specifications. We do not restrict ourselves to nested
models such as Jacobson et al. (2011). Similarly, our analysis does not derive from an integrated
micro-macro framework a la De Graeve et al. (2008). One should note, however, that the
generality of our setup allows for each of the two approaches as special cases.

The main hypothesis of this study is that LGD for both retail and corporate portfolios is
determined to some extent by macroeconomic factors, i.e., that the recovery rate of bank loans
may depend on the state of the economic cycle; however, different client segment LGDs might
have a different set of explanatory macro indicators influencing LGD. Furthermore, we expect the
“bottom up” and the “top down” approaches to deliver mutually consistent results with respect to
the choice of relevant macro determinants.

The study uses a unique comprehensive data set on loan losses corresponding to about 15% of the
corporate credit market and 15% of the retail credit market in the Czech Republic. We concentrate
on the so called work-out LGD resulting from the collection of defaulted debt obligations and
leave out the market LGD observed from the market price shortly after the default event. We are
aware that the scope of this study might be limited given its focus on an individual institution
rather than a whole sector. Nonetheless, we believe it offers valuable information based on a
scarce and comparatively rich data source as well as straightforward transferability of our
methodology to other institutions.

2. Literature Review

The last decade has seen pronounced growth in research interest in the macroeconomic
determinants of LGD risk parameters (see, for example, Altman et al., 2005b, and Diillmann and
Trapp, 2004, and references therein). The reason is that the estimation of capital requirements
might be more precise if LGD is modeled as a function of macroeconomic factors, which would,
in turn, refine the assessment of banks’ capital adequacy ratios (CAR). It is apparent that in the
event of a severe downturn banks might suffer twin losses — a higher rate of default among their
borrowers, and a lower rate of recovery of defaulted loans (recovery rate RR = 1-LGD). Getting
long-term average LGDs that do not take into account the possible consequences of a severe
downturn can lead to significant capital underestimation (Frye, 2005).

A few studies have explicitly addressed the recovery rate and its relationship to the state of the
economic cycle (Altman et al., 2005a, 2005b, 2005c; Frye 2002, 2005) by employing publicly
traded defaulted bonds instead of work-out LGDs from defaulted bank loans, whose
characteristics are significantly different from those of corporate bonds." A number of studies, on
the other hand, have worked with work-out LGDs (e.g., Dermine and Neto de Carvalho, 2006,
and Caselli et al., 2008).

The empirical results by Dermine and Neto de Carvalho (2006) relate to the timing of recoveries
of bad and doubtful bank loans and to the distribution of cumulative recovery rates. The authors

" A number of studies on work-out LGD focus exclusively on firm-specific factors or details of the recovery
process and avoid the potential influence of the macroeconomic environment (e.g., Bastos, 2010; Calabrese and
Zenga, 2010; Emery et al., 2004; Grippa et al., 2005; Grunert and Weber, 2009).



Macroeconomic Factors as Drivers of LGD Prediction:
Empirical Evidence from the Czech Republic 5

estimate models constructed on the basis of individual loan transactions and estimating the
economic determinants of the LGD of European bank loans granted to small and medium-sized
companies. Their multifactor models include explanatory variables such as loan size, type of
guarantee/collateral support, industry sector, default year, and age of the firm. Nevertheless,
macroeconomic variables such as GDP growth, frequency of default in the industry sector, and the
interest rate were additionally tested with no statistical significance. This fact was explained by
the absence of a sufficient recession during the period under consideration. Bellotti and Crook
(2009) on the contrary found a significant relationship between LGD and a number of
macroeconomic variables in their analysis of credit card LGDs on individual loan transactions.

Caselli et al. (2008) examined the sensitivity of LGD to systematic risk and found a relationship
between LGD and the macroeconomic conditions on aggregated data. The authors developed
separate multivariate models for two customer segments — SMEs and households. For SMEs the
best model incorporates the aggregate number of employees and the GDP growth rate; for
households LGD is best explained in relation to the default rate, the unemployment rate, and
household consumption. The authors furthermore demonstrated a positive relationship between
LGD and recovery collection length, but did not model the above-mentioned link in their
multivariate models.

A thorough analysis linking LGD with macroeconomic variables has not been performed for the
Czech Republic so far. First of all, the insufficient database of work-out LGDs makes it difficult
to develop an accurate model linking LGDs to macroeconomic factors in the case of the Czech
economy.” Secondly, recent literature regarding LGD in the Czech economy has focused more on
proper methods within the context of individual defaulted loans and client characteristics.
Witzany et al. (2010) explored survival analysis methods for LGD modeling, leaving
macroeconomic factors unexplored. Finally, Seidler et al. (2009) showed a positive correlation
between the estimated value of market LGD and the aggregated corporate default rate. However,
their estimates relate solely to selected publicly listed companies, which implies limited relevance
for analysis of the whole corporate sector.

Our study also relates to the literature on the feedback between the real sector and the financial
sector combining detailed information from credit registers with macro variables. For example,
De Graeve et al. (2008) develop an integrated micro-macro framework for testing the relationship
between the aggregate default rate and output, inflation, and the interest rate. The authors estimate
firm-level default rates using a large firm-level database from the Credit Bureau register
augmented by selected macroeconomic variables. Similarly, Jacobson et al. (2005) examine the
relation between macroeconomic fluctuations and defaults using Swedish corporate data. In
particular, the authors’ evaluations indicate that the combined micro-macro framework is superior
both to models that exclude macro information and to best-fitting standard time-series models.
Besides focusing on LGD instead of default rates as in Jacobson et al. (2005), our framework is
more flexible by allowing for variable selection at both the micro and macro level.* This possible

% Kocenda and Vojtek (2011) faced a similar problem related to the availability of comprehensive retail default
data. The data were ultimately provided by an anonymous wholesale bank operating on the Czech market.

3 Several studies have focused on joint modeling of default and recovery rates. Other credit risk measures (apart
from traditional default rates and LGD) employed within stress-testing frameworks include the write-off to loan
ratio (Hoggarth et al., 2005), the non-performing loans ratio (e.g., Jimenez and Saurina, 2006; Quagliariello,
2007), the ratio of net loan losses to total loans (Pesola, 2007), and loan loss provisions (Quagliariello, 2007).
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improvement might also have positive implications for the current CNB stress-testing framework,
which has so far employed only simplifying assumptions concerning the behavior of LGD and its
link to macroeconomic variables (GDP and property prices; see Gersl and Seidler, 2012).

3. Data Employed

3.1 Micro-level Data and Definitions of Basic Risk Parameters

While all financial institutions following the Internal-Rating Based Approach (IRBA) need to
interpret and quantify the risk parameters entering their capital calculations, a slight difference in
parameter definitions might exist. Therefore, we first provide our definitions and calculations of
the basic risk parameters, such as default, the default rate, LGD, and EAD, which are further used
in this paper.

The Basel Accord defines a default event as a realization of one or more of the following
circumstances: the credit obligor is i) unlikely to pay, ii) is more than 90 days past due, or iii) is
declared bankrupt. We employ the first default condition in the following way: a default event
occurs if a client has had at least one of his credit accounts restructured during a calendar year. In
such case the client becomes labeled as “unlikely to pay.” While any of the three conditions
applies for corporate clients, for retail clients only the second and/or third condition has to be met.
The default rate is defined as the ratio of the number of clients that defaulted during a given time
period to the number of all observed clients at the beginning of the period concerned.

As we focus only on standard bank loans excluding marketable instruments, our measure of LGD
is derived as the ratio of losses to exposure at default (EAD):

LGD = LOSS/EAD. (1)

In order to measure LGD in this way, recovery cash flows from defaulted loans as well as the
costs of the bank’s work-out process must be observed. Loss experienced by a bank is understood
to mean economic loss, i.e., loss adjusted for discount effects, funding costs, and direct and
indirect costs associated with collection of the instrument (BCBS, 2006). As the final amount
collected from a defaulted loan can exceed the EAD, the real range of observed LGDs may vary
from negative numbers to positive numbers higher than one. Usually, the LGD experienced is
truncated at zero and one in order to make it comparable with the market LGD (obtained after the
sale of defaulted market instruments). We follow this approach as well.

The data correspond to about 15% of the corporate credit market and 15% of the retail credit
market in Czech Republic. The sample of defaulted accounts historically collected in the retail
portfolio consists of 34,078 cases. The sample of defaulted clients gathered from the corporate
credit portfolio is 3,193 cases.

The results are focused mainly on the elasticities between LGD and macroeconomic variables,
leaving the levels and evolution of fitted LGD values undiscovered.

For the retail portfolio we used historical observations from transactional systems on a monthly
basis. The time span of the retail data covers the period from January 2002 until June 2012. Apart



Macroeconomic Factors as Drivers of LGD Prediction:
Empirical Evidence from the Czech Republic 7

from the information on LGDs, the data contain the standard social-demographic characteristics
of retail clients usually collected by banks when a credit account is opened. The data set on retail
customers likewise includes client behavioral characteristics relating to different credit products
such as overdrafts, consumer loans, and credit cards. However, our data set does not contain
mortgages, which are not the subject of our study.

The retail portfolio offers information on contract length and the balance and interest rate of the
credit account each month from the beginning of the account’s existence until June 2012.
In addition, we calculate the default date for each credit account. This is used for sample
construction when we calculate the duration of the work-out process.

The data set relating to corporate clients covers the time span from 1993 until 2012. However, it
suffers from some imperfections; for example, the information is collected only at the moment of
default for each client. Dynamic changes in the balances of client credit accounts are therefore not
available. We observe the client’s segment (corporate or SMEs), the default date, exposure at
default, the client’s credit rating before the default event, the lender’s fiscal situation, and some
other variables relating to credit collateralization.

3.2 Macroeconomic Data

The macroeconomic data we use reflect the choices made in the existing literature as well as
(given the absence of a generally accepted structural framework for the determinants of LGD
behavior) other macroeconomic variables available from the core DSGE “g3” forecasting model
of the Czech National Bank (CNB). The availability of the above-mentioned variables facilitates
their use within the aggregate solvency stress-testing framework of the CNB.

We present the data as a normalized time series (Figures 1 and 2).

Table 1 presents the macroeconomic variables employed by selected studies on LGD. Table 2
contains the full list of macroeconomic variables used in both the aggregated macro model and the
combined model. The main sources of macroeconomic data are the Czech National Bank (CNB)
and the Czech Statistical Office (CZSO).
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Table 1: Macroeconomic Variables Used in the Literature on LGD Modeling

Altman et al. (2005b)
Calabrese (2010)

Caselli et al. (2008)

Crook and Belotti (2009)
Dermine and Neto de
Carvalho (2006)
Jokivuolle and Viré (2011)

Qui and Yang (2009)

GDP growth

GDP growth, interest rate,
unemployment rate, default rate
GDP growth, employment, delta of
unemployment rate, household
consumption, total gross
investment, total production, total
income, delta of default-to-loan
ratio, total bank loans

interest rate, unemployment rate
GDP growth, industry default rates

output gap, interest rate,

indebtness, gross profit
GDP growth

Table 2: Macroeconomic Variables Used in the Combined and Aggregated Models

Real Consumption Growth (QoQ)
Real Consumption Growth (YoY)
MP Inflation (QoQ)

MP Inflation (YoY)

CPI Inflation (QoQ)

CPI Inflation (YoY)

Real Government Cons. growth (QoQ)
Real Government Cons. growth (YoY)
Real GDP Growth (QoQ)

Real GDP Growth (YoY)

Nominal Government Cons. Growth
Nominal Government Cons. Growth
Real Investment Growth (QoQ)
Real Investment Growth (YoY)
Real Import Growth (QoQ)

Real Import Growth (YoY)

Foreign Demand Growth (QoQ)
Foreign Demand Growth (YoY)
Consumption Price Inflation (QoQ)
Consumption Price Inflation (YoY)
Government Cons. Inflation (QoQ)
Govemment Cons. Inflation (YoY)
GDP Deflator (QoQ)

GDP Deflator (YoY)

Investment Price Inflation (QoQ)
Investment Price Inflation (YoY)
Import Price Inflation (QoQ)

Import Price Inflation (YoY)

Export Price Inflation (Home Curr.) (QoQ)
Export Price Inflation (Home Curr.) (YoY)
Foreign Inflation (Foreign Curr.) (QoQ)
Foreign Inflation (Foreign Curr.) (YoY)
Nominal Depreciation (QoQ)

Nominal Depreciation (YoY)

Nom. Wage Growth (QoQ)

Nom. Wage Growth (YoY)

Real Export Growth (QoQ)

Real Export Growth (YoY)

Interest Rate

CZK/EUR

1-Year Interbank Rate % pa

Euro 1-Year Interbank Rate % pa

Euro 3-Month Interbank Rate % pa
Euro Zone Real GDP % pa y-o-y
Unemployment Rate % of Labour Force
ILO Unemployment Rate

Total loans

Total corporate loans

Total household loans

Total consumption loans
Non-performing loans/Total loans
Non-performing loans/Corporate loans
Non-performing loans/Household loans
Non-performing loans/Cons. loans
Property price index

Adjusted operating profit

Source: CNB
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4. Methodology

The paper investigates data at both the micro and macro level. As Han and Jang (2013) note,
different studies suggest different factors and there is no consensus on these factors except
collateral. This inconsistency can be attributed to “the differences in loan portfolios among banks,
lending and debt collection procedures among countries, LGD measurement methods and/or
sample periods.” Given the above-mentioned uncertainties about the selection of proper micro and
macro determinants, we decided to allow for maximum flexibility by employing a backward-
selection algorithm for both the combined and aggregated (time series) models.

Our micro approach to LGD modeling (i.e., the combined model) exploits individual client
information on socio-demographic as well as behavioral characteristics related to credit accounts.
Specifically, in the retail portfolio the unit of observation is the credit facility, i.e., our sample
might include several credit products granted to the same client. For the corporate portfolio, on
the other hand, we use granularity on the client level. The micro data are supplemented with
selected macroeconomic aggregates at quarterly frequency within a duration and/or
hierarchical/multi-level model framework, depending on the segment and the corresponding data
limitations.

The alternative macro perspective (i.e., the aggregated model) investigates the sensitivity of
aggregated LGDs for different bank portfolios to the set of macroeconomic indicators using a
general-to-specific model selection algorithm within the ARMAX (AutoRegressive Moving
Average with eXogenous inputs) class of time-series models.

The aim of both modeling approaches — combined and aggregated — is to highlight the importance
of macroeconomic characteristics in the estimation of LGD by using aggregate and individual
data sets and employing different types of modeling techniques.

4.1 Methodology for Individual-level Data — Combined Model

The combined approach involves models based on individual data on credit losses which
incorporate macroeconomic factors to control for changes in the macroeconomic environment.
Similarly to the aggregated data analysis, the sensitivity of LGD is investigated across different
banks’ portfolios. The client-level data for the corporate segment include, for example, the
number of employees in the SME and the length of cooperation with the bank, and for retail
portfolios include, for example, age and education.

Past studies have used both (semi-)parametric (Generalized Additive Models, duration models,
etc.) and non-parametric methods (such as regression trees and neural networks). Bastos (2010)
argues for regression trees and against the alternative of fractional response regressions as a
specific form of generalized additive models. More generally, Han and Jang (2013) argue that
non-parametric methods tend to perform better than parametric methods for the purposes of LGD
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modeling. Nonetheless, for the sake of simplicity in comparing the macro and combined models
we prefer the parametric framework.*

For the retail segment we explore two different approaches to LGD modeling: the survival
analysis model and the generalized linear regression model (GLM). The two methods are adopted
in order to exploit the richer data available for the survival framework and to compare the results
with the GLM output, where the information available on clients/facilities is more limited. Given
that the survival analysis allows for different durations of the recovery process while the GLM
does not, the two perspectives might give us at least some clue as to what factors might affect the
outcome (LGD) of the collection process as opposed to its actual length.

4.2 Survival Analysis for Retail Portfolio

One of the specific issues of LGD modeling is that the LGD outcome is evident not immediately
after default but after a certain period, when the debt is to be collected in the so-called work-out
process. The success and length of the work-out process depend on a number of factors known
and unknown to the observer. We take the intrinsic feature of collection duration into account by
adopting the survival modeling framework. Survival (or duration) analysis has been used in other
studies on LGD, for instance, Witzany et al. (2010) and Zhang and Thomas (2012).

To estimate the final work-out LGD we need to wait until the collection process has been
completed. The final LGD for clients who defaulted in 2012 might be available after
approximately 1 year in the retail segment and 2-3 years in the corporate segment. This implies
that we can work only with defaults registered before 2009. As a result, the data sample is reduced
substantially. An alternative approach might be to keep additional files which defaulted after 2009
and which have a fully completed collection process. Nonetheless, given that the file duration is
shorter than the average collection time, our sample would be overweighted with files closed
relatively fast and the above-mentioned approach might lead to underestimation of the LGD
outcome. Similarly, with the inclusion of all defaulted clients who defaulted just recently, the
sample would contain many observations with 100% LGD, since the recovery process has not
started yet and the resulting LGD prediction might thus be overestimated. Setting the right
balance between these approaches and choosing the appropriate sample are challenging yet still
unresolved issues.

In order to use as much information as possible and avoid unnecessary sample restrictions we
employ survival analysis, which preserves practically all the defaulted files in our sample. The
survival methodology deals with objects which have duration and analyzes the length of time that
passes from the beginning of some event (state) either until it ends or until the observation period
is completed. We assume that a random variable T capturing the time of leaving a given state
during a given observation period has a continuous probability distribution f{z). The cumulative
probability is expressed as

* Other parametric approaches, such as inverse-Gaussian or beta transformation, in fact do not seem to
outperform standard approaches (Qui and Zhao, 2011). Preceding studies resorting to linear regression include
Altman et al. (2005b), Caselli et al. (2008), and Grunert and Weber (2009).
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F(t) = j f(s)ds=P(T <1), )

which means the probability of leaving the state before time ¢. The probability of not leaving the
state (or the event of interest) before time ¢ corresponds to

S(ty=1-F(t)=P(T > 1), 3)

which represents the so-called survival function. The survival methodology builds upon the
concept of the hazard function H(?), which is defined as the probability of leaving a given state at
duration (time) # conditional upon staying there up to that point in time:

ho) = im POST<+0UT20 o Fasdn—F@) _ /0

L : (4)
ot—0 ot =0 ot S(t) S(t)

The observation period for the retail portfolio starts in January 2002 and ends in June 2012 and
time ¢ is measured in months. Unfortunately, limited data availability prevents duration analysis
for the corporate portfolio, as changes in client recoveries over time are missing. Consequently, it
is not possible to construct our duration variable.

The starting point of the collection process corresponds to the moment of default, which in
general differs across facilities. The collection process lasts until the facility is repaid. More
specifically, we assume that the duration starts at the moment of default and finishes once the
process of collection of the client’s debt obligations has been effectively closed. Such a situation
occurs, for example, when the client’s repayments reach 90% of the total debt amount (i.e., LGD
is less than 10%). For some defaulted facilities — especially in the most recent years — the
collection process has not been finished yet, due to the relatively short time spell after default.’

For each facility, we record the number of months the facility stays in the particular state (defined
as the payoff of the past-due receivable being less than 90%) before it exits this state. Secondly,
we follow whether each observed facility was censored or not. If the whole repayment history of
the facility did not reach 90% of the debt amount, it is labeled as censored. Otherwise, the facility
is labeled as uncensored.® Censored observations are addressed directly in the likelihood function
of the duration model (Green, 2000).

The probability that the facility is not recovered until time ¢ is expressed by the survival function
S(t). Conversely, F(#) means the probability that the facility is paid by time z. Furthermore, in our
notation the hazard function H(z?) determines the instantaneous probability of 90% of the debt
being paid off at moment # given that until this moment the pay-offs have not reached 90% of the
outstanding debt.

In order to incorporate macroeconomic variables into the survival model, we chose the semi-
parametric form of the hazard function proposed by Cox (1972). The model presents the hazard
function in the following form:

> The survival analysis for these censored observations adjusts the estimation procedure accordingly.

% Our censoring is induced by the specifics of the credit process for retail products: a product in default with a
past-due history has to be repaid and then annulled. Facilities without full repayment during the observation
period are considered censored given that the final collection remains unknown.
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h(t) = exp (-"x)ho(?), )
where /1, is the baseline function, expressing the individual heterogeneity of each observation.
Vector x includes among the explanatory variables the macroeconomic indicators taken for the
analysis. The Cox procedure first provides a partial likelihood estimation of unknown parameters
S without requiring estimation of the baseline function 4, and second constructs non-parametric
estimates of the baseline hazard using the estimated exp(-f x) (for more details see Pudney, 1989,
or Witzany et al., 2010).

4.3 Multi-level Regressions

As an alternative we employ the classical and widely used generalized linear regression model
(GLM), where the dependent variable is the (possibly transformed) observed LGD for each
facility (for the retail segment) or client (for the corporate segment). The linear regression
approach has to deal with effectively closed files only, as it does not account for the time
dimension of the collection process. For the retail portfolio, we determined the file as being
effectively closed if its work-out period is at least one year after default. For the corporate
portfolio, due to the dramatically different scale of loans and legislative procedures for legal
entities, the work-out period was prolonged to three years after the default event.

Despite the disadvantage of working only with effectively closed files, the linear regression
approach has its advantages. Specifically, multi-level generalization applied to linear regression
takes into account different levels of aggregation in the data structure and estimates the standard
errors of the regression coefficients in an efficient manner.’

As the data set employed for the linear regression model has a different structure than the data set
used for the survival analysis, we did not use information about the repayment cash flow over a
given (case-dependent) time period as we did in the case of the survival analysis. We used
information on collected recoveries only for a specific time point differing for each segment —
three years after default for corporate clients and one year after default for retail clients — when we
observed most of the defaulted loans being closed. As a result (and unlike in the survival
analysis), we had to substantially reduce the data set of defaulted clients. The predictors used for
LGD modeling were observed at the time of default.

In order to model LGD we considered different generalized linear regressions of the form:

F(LGD,)=aX, + Y, +¢,, (6)
where F is a suitable transformation function chosen in order to deal with the response variable in
the range 0 to 1.

Besides the ordinarily used linear regression, we tried different specifications, for instance
Fractional Logit Transformation (applied in Dermine and de Carvalho, 2006) and Logit
transformation (considered in Bellotti and Crook , 2009). We did not find any notable advantages

7 For the purposes of brevity we did not perform a multi-level survival analysis (Hox, 2010). This might be the
subject of future research.
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for the above-mentioned transformations and for the final model we used multi-level linear
regression.”

The set of explanatory variables X, contains the macroeconomic factors observed at time ¢ and
common to each defaulted client in the cohort ¢. Y;; contains the client’s characteristics at time ¢,
and LGD;, represents the individual loss rate of a defaulted client i at time ¢ with a different post-
default history related to the collection process.

Our assumption is the following: since we have information on each defaulted client at time ¢ and
each time cohort obtains a different set of defaulted clients, we adopt the following hierarchical
structure for our combined model:

Level I: LGDy;, = LGDy, + Y + €1
Level lI: LGDy, = LGDy + 0,Xit + 001 Xir-1 +...F 0 pXiep Tty

The Level I model expresses the i-th individual’s LGD;, at time ¢ as a function of the mean LGD
specific for each time cohort #, and of an individual set of characteristics Y;. The factor loadings
() can vary by time cohort 7. By explicitly modeling in a cohort-specific way, we allowed the
mean LGD to vary over time. g; represents an idiosyncratic individual-level error.

We extended this generalization by assuming that the time-specific mean LGD, can be explained
by a set of macro-level variables X;. This extension is represented by the Level II equation, where
each time cohort LGDy, is described as a function of the average LGD outcome for the whole
population (the so-called grand mean) and for a set of macroeconomic factors (with factor
loadings a), and u, represents a time-specific error term. The macro level allows for more lags to
capture potential delays in the responses to aggregate fluctuations not captured by Level I
variables (see, for example, Jokivuolle and Virén, 2011). Heterogeneity in firms’ responsiveness
might be caused, for example, by time-to-build effects (Kydland and Prescott, 1982) or industry
sensitivity to external finance (Braun and Larrain, 2005), which could translate to a firm’s
performance at a more general level, i.e., including its default status and subsequent recovery
propensity.

The combined model has the following specification:
Combined: LGD,’; = LGDO + OLth,-, + at_])(j[_j +.+ a[_p)(j[_p + ﬂthj[ + 81'[ + u()t. (7)

This model includes a set of estimates for the coefficients of the macro factors common to the
whole population, which is the primary focus of our research.” Furthermore, it includes a set of
coefficients for clients’ characteristics and the error term, which helps to account for individual-
and group-level variation in estimating group-level regression coefficients. The introduction of
this error-term specification controls for heteroskedasticity of errors in the group-structured data
and leads to more efficient estimation of unknown coefficients.

The outcome of the multi-level regression allows variance estimation of the combined model as
the sum of the variances of the individual-specific errors (¢°) and the macro-level errors (z°). The

% The results from the alternative model specifications are available upon request.
? Note that the selection procedure might select a lag structure with gaps.
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percentage of the observed variation in the dependent variable LGD attributable to macro-level
characteristics can be estimated as:

2
T

P=—""7> @®)
’+o’

where ¢ and 7° were defined above and p is referred to as the infraclass correlation coefficient,

which can be used as a measure of the magnitude of the influence of the macroeconomic

environment on the recovery process.

4.4 Model for Aggregated Data

With respect to the model for aggregated data, we are interested in the links between the average
LGD levels for both the corporate and retail segments and the macroeconomic variables at
quarterly frequency. The starting point of our analysis is a simple dynamic regression framework
with segment-level LGDs as the left-hand side variable and proxies for the real economy as the
explanatory variables. As the available sample length — totaling 37 observations at most — is rather
limited, our task is to propose a robust and well-specified parsimonious model with reasonable
pseudo out-of-sample forecast performance. That is, we will not address potential shifts in LGD-
macro relationships following the outbreak of the financial crisis in September 2007. Nonetheless,
the framework will allow for possible intercept shifts.

Similarly to the combined model, the resulting specification builds upon the backward-selection
method. In particular, it relies upon an automated general-to-specific model-selection algorithm
(Gets) as discussed by Doornik (2009). The Gets algorithm is an iterative search procedure
allowing for tree search and maintaining model congruency throughout the selection process. The
advantage of the Gets approach is that it is not path-dependent like the forward method and a
number of other backward-selection methods. At the same time, the algorithm can handle the case
of more variables than observations (Hendry et al., 2008). This is not the case with other non-
path-dependent approaches such as Bayesian model averaging.

One should note that using the Gets algorithm nonetheless does not imply we resort to
mechanistic model building. Our variable pre-selection reflects the variables that have already
been employed in the empirical literature and have received extensive justification therein.
Furthermore, given that the theoretical relationship between LGD and the macroeconomic
environment provides only a partial explanation and remains to be further explored, we admit our
limited knowledge and allow for an extended set of variables that, we believe, might relate to the
LGD data-generating process and provide a possible alternative perspective (Hendry and Morgan,
1995). These variables include a range of related indicators capturing aggregate supply and
demand. Furthermore, we consider proxies for institutional development that might be closely
linked to the LGD work-out process (such as government efficiency and rule of law). In this
context, our case study might contribute to the discussion on the relevance of a wider range of
macroeconomic determinants useful for modeling LGD behavior.

Equation (9) presents the model specification:

ALGD;za.,[ALGDt_] +OL2ALGD;_2+ ves +apALGD[_p+ﬂ1Zt+ .. -ﬂt—th-r+¢bdb,t+¢sds,t+¢stpdstp,t+8b



Macroeconomic Factors as Drivers of LGD Prediction:
Empirical Evidence from the Czech Republic 15

t=1,...T &~NI00), (9)

where ALGD, represents the first difference of our aggregate measure of segment LGD,'° Z, stands
for an m x 1 vector of exogenous macroeconomic Variables,11 dp,1s a b x 1 vector of permanent
blip variables (...,0,0,1,0,0,...) to be estimated by the impulse indicator saturation procedure
(Hendry et al., 2008),'? d,,is a ¢ x 1 vector of transitory dummy variables (...,0,0,0,1,-1,...), and
dsyp, 1s a vector of step dummies (...,0,0,1,1,1,..) or (...1,1,1,0,0,...).13 The dummies are included
to account for possible misspecification due to omitted structural breaks (e.g., legislative changes,
which might influence the work-out process, etc). In particular, the permanent blip dummies
should account for possible discrete shifts in the LGD parameter, the transitory dummies for
potential one-off discrepancies in, for example, LGD measurement, and the step dummies for
trending periods of LGD not accounted for by the macroeconomic determinants under
consideration. p and r represent the number of lags for the autoregressive LGD term and
exogenous variables, respectively.

5. Results — Retail Portfolio

5.1 Combined Model — Results of Survival Analysis for Retail Portfolio

As described above, the advantage of survival analysis is that it keeps all defaulted credit files,
closed and unclosed, allowing for more precise LGD prediction. There are several thousand
defaulted retail transactions in our data set of retail clients. This data set covers 123 months of
repayment history of defaulted facilities. In this set, 40% of the lifetimes of individual repayments
are uncensored and the rest are censored. This implies that no data will be lost from the collected
observations and all the information will be used in the estimation procedure: the coefficients of
regression will be determined through uncensored observations maximizing the partial maximum
likelihood, while an individual baseline hazard function characterizing the individual
heterogeneity of each repayment regime is estimated by adding information from the censored
observations and maximizing the full maximum likelihood function.

Using the balance amount known at the end of each month, we constructed a pair of output
variables for each facility included in the modeling sample: (7}, di), where T} is the number of
months for which a defaulted loan stays in the collection process and dj takes one of two possible
values — 0 if the duration in the collection process was censored, and 1 if the collection process is
censored and the final outcome is not known.

To build the model we used the internal explanatory variables collected by the bank. First of all
we used a set of individual characteristics of retail clients that proved to affect the duration of the

' The aggregate LGD was calculated as the average weighted by the exposure at default.

" For the purposes of our study we will not examine the order of integration of the modeled variables unless the
estimated system is not stable (Liitkepohl, 2006).

2 Impulse indicator saturation is a procedure for estimating permanent blip dummies from a complete
(“saturated”) set of NV impulse indicators, i.e., one for every observation. The procedure selects subsets across
combinations of indicators, each search path leading to a specific model, followed by searches across the union
of these.

" The relevant b permanent blip variables and s mean-shift variables will be determined endogenously.



16 K. Belyaev, A. Belyaeva, T. Konecny, J. Seidler, M. Vojtek

state of interest. We also included aggregated information about the internal default rate over the
retail portfolio due to its potential and plausible link to the collection process. After a backward
stepwise procedure, eight internal variables were kept. Our study focuses on macroeconomic
drivers of LGD and does not present the influence of client characteristics. The second set of
variables is a set of macro indicators that are publicly collected. The results are available in
Table 3.

Table 3: Results for the Combined Model Using Survival Analysis of the Retail Portfolio'

Parameters Coefficient  Std.Error WaldZ p-value
Unemployment_rate region_Q -0,016 0,003 27.4 0
PRIBOR Year Q 0,19 0,015 156,7 0
NPL household Q -0,061 0,009 40,8 0
Real Consumption Growth Q 0,046 0,004 167,1 0
Real GDP_Growth Q 0,008 0,002 11,4 0,001
Nom Wage Growth Q 0,01 0,003 10,5 0,001

Source: Authors’ calculations

Two of the six macroeconomic variables — the unemployment rate and real consumption growth —
are closely related to the variables identified by Caselli et al. (2008) in their study on Italian retail
data. This result supports a more pronounced influence of these variables for the explanation of
LGD fluctuations at the aggregate level. However, the other four macro indicators proved to be
relevant only for the Czech retail segment.

The marginal effects of the macro variables introduced have the expected direction: the
coefficients on the unemployment rate and the ratio of non-performing loans to GDP are negative,
which means that an increase in these macroeconomic factors implies a lower probability of
paying off at least 90% of the debt obligation at time ¢. On the other hand, the positive coefficient
values for the 1-year Pribor, real consumption growth, real GDP growth, and nominal wage
growth indicate a higher probability of paying off at least 90% of the debt obligation at time ¢
following a rise in any of the above-mentioned factors, in line with intuition.

The negative link between LGD and the 1-year Pribor might be related to the effect mentioned by
Dell’ Ariccia and Marquez (2006), who suggest that lower interest rates reduce financing costs and
might therefore motivate banks to perform less thorough checks of the credit quality of their
debtors. Lower interest rates might thus lead to lending to lower credit quality clients, leading to
lower recovery in the event of default and consequently higher LGD. Although Gersl et al. (2012)
do not find evidence of excessive risk-taking by banks in the Czech Republic in a low-interest rate
environment, their methodology might not capture our results for the retail portfolio, as they
monitor risky lending to legal persons only, since their study is based on the Central Credit
Register operated by the Czech National Bank.

5.2 Combined Model — Results of Multi-level Linear Regression for Retail Portfolio

To build the multi-level linear model, we constructed a data set of LGD outcomes for retail clients
collected between 2002 and 2010. Likewise, we collected macroeconomic variables at quarterly

' The individual variables included in the regression are not reported in this paper for confidentiality reasons.
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frequency and individual client characteristics at the moment of default. The macroeconomic
variables observed for each defaulted case at the moment of default played a role in the
explanation of recovery after one year after default; a natural time lag was therefore present
between the dependent variable (LGD) and the macroeconomic variables. Additionally, the
potential relevance of macroeconomic variables with longer lags was considered in the model-
building procedure, but they were not included in the final model since their incorporation caused
insignificancy of some important individual variables that were obviously linked with LGD.

The results of the multi-level linear regression model, where we kept the input of lagged
macroeconomic variables as parsimonious as possible, are presented in Table 4. The final
specification includes the real GDP growth rate, nominal wage growth, and real consumption
growth observed at the moment of default as significant macroeconomic indicators determining
the LGD outcome of each individual case. These results differ from the results obtained by Caselli
et al. (2007) and also slightly depart from the output of our duration model. Conditional on the
results of the multi-level model, both micro models seem to support simultaneously the finding
that the LGD for the retail portfolio is negatively related to GDP growth, nominal wage growth,
and consumption growth.

Table 4: Results for the Combined Model Figure 1: Normalized Time Series
Using the Multi-level Model for the
. . 15
Retail Portfolio
Parameter Coefficient Std. Wald Z  p-value
Error
Real_GDP_Growth_Q -0.016 0.005 0.007
Nom_Wage_Growth_Q -0.014 0.007 0.069
gcal_Consumption_Growth_ 0014 0.008 0.084
Covariance Parameters:
Residual 0.155 0.001 110.1 0
Intercept [subject=quarter] LGD - retail
Variance 0.012 0.004 3.2 0.002 Real_Consumption_Growth_Q
2002Q1 2011Q1
- Real_GDP_Growth_Q
Source: Authors’ calculations - = = Nom Wage Growth_Q

Analysis of the covariance parameters indicates that the Level I (i.e., ¢;) residual variance
component totals ¢ (individual-specific errors) = 0.15, while the Level II variance (i.e., ug)
accounting for between-group variation of LGD corresponds to 7 (macro-level error) = 0.01, The
two variance components can be used to partition the variance across levels according to equation
(8). The intraclass correlation coefficient for the retail portfolio is equal to 0.012/(0.012 + 0.155)
=0.0719, which represents 7.2% of the total variation.

As a measure of model performance we used the ordinal power indicator, which is an extension of
the Gini coefficient devoted to cases of a non-binary dependent variable. The survival regression
has an ordinal power of 34.9%. The multi-level regression has a power of 44% given the lower
number of macroeconomic variables included in the final model.

' The individual variables included in the regression are not reported in this paper for confidentiality reasons.
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5.3 Aggregated Model — Results for Retail Portfolio

The main purpose of the study is to evaluate the links between macroeconomic aggregates and
LGD and to compare the relative performance of models using aggregate and micro-level data.
This subsection estimates the potential links between macro covariates and LGD at the aggregate
level. We start with the estimation using the Gets selection procedure described above. For
exposition purposes, we present an additional model using macro covariates from the combined
model’s multi-level linear regression and discuss the corresponding model performance.

The results can be found in Table 5, which presents the model parameter estimates for the retail
segment over the period 2004q4—2011g2."® The LGD variable was transformed into first
differences to dispose of breaks observed in the original data. The remaining irregularities were
identified by the Gets procedure in combination with the dummy saturation procedure (Doornik,
2009) and are located in the first half of the sample, spanning from 2002q2 to 2011q2. Note that
the ultimate model selected by the Gets procedure contains variables above the 5% significance
cut-off threshold (3M Pribor(t-1)) to preserve model congruency. The results obtained from the
trimmed sample starting in 2004q4 provide both qualitatively and quantitatively very similar
results.'”

Table 5: Output for the Retail Portfolio on Aggregated Data

Aggregated model - macro variables

using gets algorithm Coefficient  Std.Error t-value t-prob Part.R"2
Constant 0,042 0,013 3,190 0,004 0,316
3M Pribor (t-1) -0,013 0,007 -1,850 0,078 0,135
3M Pribor (t-6) -0,019 0,006 -3,090 0,005 0,303
Nominal cons. growth YoY(t) 0018 0,004 5,000 0,000 0,532
Nominal cons. growth YoY(t-1) 0,014 0,004 3,820 0,001 0,399
sigma 0,026 RSS 0,014

R"2 0,566 F(7,20)=  7.17[0.001]**

Adj.R"2 0,487 log-L 63,438

N 27 no. of pars 5

mean(Y) 0,007 se(Y) 0,036

Aggregated model - macro variables

from combined model Coefficient  Std.Error t-value t-prob Part.R"2
Real cons. Growth Qo Q(t) 0,000 0,002 -0,046 0,964 0,000
Real GDP growth QoQ(t) 0,003 0,001 1,940 0,066 0,146
Nominal wage growth QoQ(t) 0,000 0,002 -0,245 0,809 0,003
step dummy 2008q2 -0,083 0,020 -4,150 0,000 0,439
step dummy 200994 0,059 0,012 4,890 0,000 0,521
sigma 0,026 RSS 0,014

R"2 0,580 F(5,22)=  6.08[0.001]**

Adj.R"2 0,485 log-L 63,410

N 27 no. of pars 5

mean(Y) 0,007 se(Y) 0,036

Source: Authors’ calculations

'® The results refer to aggregate LGD calculated as a simple average. The output for the weighted average
remains practically unchanged and can be provided upon request.

"7 The results from the complete sample including all the dummies picked by the selection procedure are listed in
Table A3 in the Appendix.
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The aggregate LGD in the retail segment is correlated in particular with the real consumption
growth rates (y-o-y) and 3M interest rates on the Czech interbank market.'® Our results thus partly
conform to those of Caselli et al. (2008), who found household consumption to matter for the
household segment. On the other hand, the effect of y-o-y nominal consumption growth on LGD
is rather short-lived, as the cumulative effect of a change in nominal consumption remains
statistically not different from zero. The signs of the 3M Pribor rates are negative, implying a
negative cumulative impact of a rise in the 3M Pribor on aggregate LGD. This is in line with the
positive sign of the 1Y Pribor (ignoring the different maturity), suggesting a higher probability of
paying off at least 90% of the debt obligation at time t, as was found in the survival analysis
model (Table 1).

Unlike in the combined model, however, the Gets algorithm in the aggregate-level ARMAX
estimation framework did not select real GDP, nominal wage growth, the unemployment rate, or
the household NPL ratio as statistically relevant correlates with the aggregate LGD. Furthermore,
and perhaps not surprisingly, when the macro-level variables selected within frameworks based
upon microeconomic data are put into the ARMAX framework, they tend to perform rather
poorly. This inconsistency of different explanatory variables based on micro- and aggregated-
level (i.e., macro) data is common and might lead to different results (see, for example, Altissimo
et al., 2007, or Horvéth et al., 2009, for the case of aggregation bias of inflation time series). The
only variable avoiding low statistical significance and negligible partial R? is real GDP growth,
which, however, has the opposite sign to its multi-level linear regression model counterpart.'’

The lower part of Table 5 presents the parameter estimates for the aggregated model employing
macroeconomic variables identified by the combined model. The presented output represents the
best model (in terms of model congruency and model fit) that includes the macroeconomic
variables from the combined model estimated by multi-level regression. The first observation is
that the model employing macro variables from the combined setup, even after allowing for a
richer lag structure and/or the dummy saturation procedure, performed notably worse. Comparing
the present output with the aggregated Gets model in terms of the variation explained by
macroeconomic factors, the adjusted R? of the two models reveal relatively small differences in
adjusted R? for the trimmed sample as well as in the residual sum of squares. Nonetheless, the
results for the aggregate model using the variables from the combined framework are driven
mainly by adjustments captured by two step dummies (1,1,1,0,0,...) over the period 2008q2—
2009qg4, rather than by the macro variables themselves.

The conditioning information from the individual level thus plays an essential part in the choice of
macroeconomic aggregates for modeling the aggregate LGD. In this respect combined models,
even though potentially better at explaining the total variation in LGD, might not bring additional
clarity into the relationship between the aggregate LGD and macroeconomic factors when
confronted with time-series models working exclusively with aggregate data. This result is partly
at odds with Jacobson et al. (2011), who state that the combined micro-macro framework is

'8 We did not find the autoregressive and moving average components of the model to matter in our LGD model.
19 All the specification tests for the two aggregate models were satisfied for both the trimmed and full sample ,
maintaining model congruency. The only exception is the autoregressive test at the 5% level for Model 2 over
2002q2-2011q2, which might be a result of the model’s lack of dynamic structure in combination with higher
volatility in the sample over 2002—-2004.



20 K. Belyaev, A. Belyaeva, T. Konecny, J. Seidler, M. Vojtek

superior both to models that exclude macro information and to the best-fitting standard time-series
models.

6. Results — Corporate Portfolio®

6.1 Combined Model — Results of Multi-level Linear Regression for Corporate Portfolio

The modeling sample for the corporate portfolio consists of defaults observed from 2002 until
2009. The dependent variable is the LGD rate calculated for each client. The indicator of quarter
is used as the grouping variable. Inside each quarter we considered clients that defaulted in this
quarter together with client and credit product characteristics. These individual-level
characteristics were used in the Level I equation. The Level II regression employed
macroeconomic factors kept unchanged for each quarter and common to each individual case used
in each quarter — see equation (6). The time lag of the macroeconomic factors used as explanatory
variables for the individually observed LGDs for each corporate client was naturally incorporated
into the model: the macroeconomic factors were observed at the time of default and were used to
explain differences in recoveries after the work-out process has been completed. Later lags did not
prove significant in the model.

When building the model, we also tested for statistical differences between the models for
different subportfolios of the corporate portfolio — the corporate sub-portfolio (CORP) and the
SME portfolio. We were not able to estimate a separate model for corporate clients due to the very
limited number of observations. Nevertheless, except for the corporate dummy in the pooled
regression, which did not prove to be significant, all the remaining variables — both internal and
macroeconomic — remained statistically significant.

Table 6: Output of the Multi-level Model for  Figure 2: Normalized Time Series
the Corporate Portfolio

Parameter Coefficient Std. t-value WaldZ p-value
Error
Real GDP_Growth Q415 0006 -1852 0.080
Consumption Price T 00 g010  2.04 0.052
nflation Q
Covariance
Parameters
Residual 0.142 0.004 HH#H 0.000
Intercept 2.709 LGD —Corporates
[subject=quarter] 0.020  0.007 0.007 Real_GDP_Growth_Q
Variance 200201 = = = Consumption_Price_Inflation_Q 2009Q4

Source: Authors’ calculations

The results for the corporate segment of the multi-level linear regression include real GDP growth
and consumption price inflation. This result is different from that for the retail portfolio in our

2 As mentioned in the methodology section, the survival method is not performed for the corporate portfolio due
to data limitations: dynamic changes in client recoveries for historical observations were not collected. As a
result, it is not possible to construct the duration variable.
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study, indicating that for retail recoveries different macro drivers might be important as compared
to the corporate portfolio.

Selection among the macroeconomic variables eventually keeps the most significant factors (real
GDP growth and consumption price inflation) in the final model.”! Real GDP growth appears in
both portfolios as a significant control for the macroeconomic situation. The study of the SME
sub-segment by Caselli et al. (2007) also confirms the importance of GDP growth.

Analysis of the covariance parameters indicates that the Level I residual variance component
induced by the individual variables was o° = 0.14. The Level II variance quantifies the between-
group variation of the LGD means (¢ = 0.02), which makes up 12.3% of the total variation.

The ordinal power for the linear regression with macroeconomic variables is equal to 46.7%,
while the multi-level regression ordinal power is 55.9%. The corporate models perform better
than the retail models, as the individual explanatory characteristics included information about
realized collaterals, which are important drivers of the collection process.

6.2 Aggregated Model — Results for Corporate Portfolio

Similarly to the case of the retail portfolio, we estimate (using the Gets selection procedure
described in the Methodology section) a time series ARMAX model with aggregate data and
compare it with the aggregated model employing macroeconomic variables identified by the
combined model. We also discuss the corresponding model performance.

Table 7 presents the model parameter estimates for the corporate segment over the period
2004q4—2011q2.22 The LGD variable was again transformed into first differences to dispose of
breaks observed in the original data, where the remaining irregularities were identified by the Gets
procedure in combination with the dummy saturation procedure. The model-selected dummies are
spread more equally over the sample period; nonetheless, the major cluster of dummies is again
located in the first half of the sample (2003q1 to 2010g4). The results obtained from the trimmed
sample starting in 2004q4 provide, similarly to the retail segment, both qualitatively and
quantitatively very similar results to the multi-level model combining both micro and macro-level
data.”

2! Other macroeconomic indicators which seemed relevant in the classical (i.e., non-hierarchical) regression were
excluded due to their lack of significance within the multi-level estimation framework. This was induced by the
fact that linear regression does not account for the hierarchical structure of the data used for the modeling.
Details of the benchmark linear regression can be found in Table A2 in the Appendix.

** Similarly to the case of the retail portfolio, the results refer to aggregate LGD calculated as a simple average.
The output for the weighted average preserves the qualitative conclusions and can be provided upon request.

3 The results from the complete sample including all the dummies picked by the selection procedure are listed in
Table A4 in the Appendix.
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Table 7: Output for the Corporate Portfolio on Aggregated Data

Aggregated model - macro variables

using gets algorithm Coefficient Std.Error  t-value t-prob Part.R"2
Real GDP growth YoY (t-2) 0,017 0,010 1,710 0,106 0,146
Real GDP growth YoY (t-3) -0,018 0,010 -1,800 0,089 0,161
Investment price inflation QoQ(t) 0,010 0,002 4,530 0,000 0,547
blip dummy 200694 0,214 0,082 2,630 0,018 0,289
blip dummy 200593 -0,141 0,078 -1,810 0,088 0,161
sigma 0,074 RSS 0,092

R™2 0,668 F(,) =

Adj. R"2 0,581 log-L 34,576

N 25 no. of pars 5

mean(Y) 0,012 se(Y) 0,099

Aggregated model - macro variables

from combined model Coefficient Std.Error  t-value t-prob  Part.R"2
Real GDP growth QoQ(t) 0,005 0,004 1,220 0,239 0,081
Consumption price inflation -0,006 0,007 -0,906 0,378 0,046
sigma 0,094 RSS 0,151

R™2 0,356 F(7,25) =

Adj. R*2 0,129 log-L 26,799

N 25,000 no. of pars 3,000

mean(Y) 0,011 se(Y) 0,101

Source: Authors’ calculations

The aggregate LGD work-out in the corporate segment is correlated in particular with the lags of
the real GDP growth rate (y-o-y) and investment price inflation (q-0-q).* The corporate segment
thus reports an explanatory variable that resembles the output from the multi-level linear
regression, namely, the g-o-q real GDP growth rate, even though the marginal cumulative impact
is not statistically different from zero, as opposed to the negative sign in the multi-level equation.
On the other hand, the Gets procedure did not select g-o-q consumption price inflation and instead
opted for inflation in g-0-q investment prices. However, the qualitative difference between these
two inflation definitions is minor. Furthermore, we experimented with consumption price inflation
in the model and obtained impaired model performance in terms of both fit and model
congruency. Nevertheless, the sign on consumption price inflation is positive, as is the sign on
consumer price inflation in the multi-level model.

The lower part of Table 7 presents the model using the macro-level variables selected within the
multi-level/combined framework. Similarly to the case of the retail portfolio, the variables tend to
perform poorly within the ARMAX framework. None of the macro covariates preserves statistical
significance and maintains a negligible partial R*.*

Comparing the models in terms of the variation explained by macroeconomic factors, there is a
large difference in the adjusted R* for the trimmed sample as well as in the residual sum of
squares. While the partial R* measure of the listed dummies is non-negligible, the macroeconomic
covariates retain substantial explanatory power and our results are thus not a mere relict of

** We did not find the autoregressive and moving average components of the model to matter in our LGD model.
3 All the specification tests for the two aggregate models were satisfied for both the trimmed and full sample ,
maintaining model congruency. The only exception is the test of normality, which was rejected at the 5% level
for the Gets model over 2003q1-2010g4, which, as for the retail model, might be the result of the model’s lack
of dynamic structure in combination with higher volatility in the sample over 2002—2004.
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possible model overfitting. On the other hand, the partial R?s for the explanatory variables in the
aggregated model using combined inputs are relatively modest’® The relevance of the
conditioning information from the individual level thus confirms to our previous discussion on the
retail segment.

7. Conclusions

This paper analyzes the determinants of work-out loss given default (LGD) with respect to
macroeconomic factors of the Czech economy. We approached the topic from two different
perspectives. Firstly, we specify a microeconometric (“combined’”) model for explaining the LGD
of a portfolio. However, in addition to individual client characteristics, macroeconomic variables
are employed in the final model specification. Secondly, pure time-series models using aggregated
macro data are estimated using a general-to-specific approach, and the results are confronted with
those obtained from the combined approach.

The comparison of the models described above is aimed at revealing several aspects of their
performance, such as the information area, technical aspects, and the persistence of the outcome.

Regarding the first aspect, the information area used in the combined models — survival and
multi-level — is much wider than in the case of the aggregated model. Combined models not only
take into account factors influencing the common trend in LGD performance over time, but also
rely on individual-level information, which tends to enrich the selection of important
macroeconomic variables. Moreover, even among the combined methods different information
areas were explored: in the case of survival analysis the whole set of defaulted cases were taken
into account, so that even unfinished recovery processes affected the output.

Regarding the technical aspects employed in the paper, the methods applied were aimed at
exploring an appropriate econometric technique to the full extent in order to disclose as much as
possible about our subject of interest. As stated in the survival analysis, the dynamic structure of
the recovery process affects the output. On the other hand, another combined method — multi-level
regression — has the advantage of proper treatment of the error structure. As a result of the
application of survival analysis, a wider spectrum of relevant macroeconomic variables was
selected than in previous studies (for instance, Bellotti et al., 2009, applied simple linear
regression and found only one relevant macroeconomic factor — the unemployment rate for the
retail portfolio). The next logical step for future research is to explore the advantages of both
methods and analyze the multi-level survival approach, which will definitely retain the advantages
of both the pure survival method and pure multi-level regression. The most advanced technique
was also explored in the case of the aggregated models. Our approach controlled for a possible
time trend or possible structural breaks present in the dynamics of the aggregated values by
considering the first differences of the quarterly observed aggregated LGDs and applying a
sophisticated analytical procedure (the Gets approach), which, to the best of our knowledge, has
not previously been applied in the context of our study (for instance, Caselli et al., 2007, studied

% In the same manner as for the retail segment, this model represents the best model that includes the
macroeconomic variables from multi-level regression using micro data in terms of model congruency and model
fit. Models with a richer lag structure and/or without the dummy saturation procedure performed notably worse.
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the influence of macroeconomic factors without treatment of the possible unit root present in the
time series).

The last aspect of the methods studied in this paper was concerned with the persistence of the
output born by their application. As mentioned earlier, the survival approach retained the most
significant macroeconomic variables. However, multi-level regression makes the selection of
relevant macro factors more scrupulous: for instance, of the six variables kept by the survival
approach in the retail portfolio it retained only the three most important ones. The most persistent
macroeconomic variables were selected by the aggregated method: nominal consumption growth
in the case of the retail portfolio and real GDP growth in the case of the corporate portfolio.

The choice of method crucially depends on the availability of information and the appropriate
technique and the degree of generality required for the results obtained.

Despite the relatively low importance of macro variables in the model combining micro- and
macroeconomic information, our estimates suggest that the macroeconomic environment
contributes directly to the variation in LGD. Furthermore, the results obtained from both the
combined and aggregated models point to notable differences in the suggested macro links
obtained from the different estimation frameworks. Firstly, our micro and macro perspectives
identify jointly only a single macroeconomic domain within each of the two segments concerned.
While for retail customers the models indicated consumption-related factors as significant
determinants, for corporate clients the major driving factor is real GDP growth. Other potential
candidates do not enter robustly either the combined model or the aggregated model. Still, our
study partly -confirms to the results from previous literature, as Caselli et al. (2008) also identified
consumption among the macroeconomic factors influencing retail LGD, and GDP growth among
those influencing the SME LGD for Italian banking data.

The results of our study should help us gain more detailed information about the link between the
banking sector LGD and the business cycle of the Czech economy. Nonetheless, it is important to
note that the differences in the relevant macroeconomic factors derived from a purely macro-
based as compared to combined framework might have substantial implications, not least for the
conduct of top-down solvency stress tests performed by regulatory authorities. These rely
typically on a battery of so-called satellite models linking macroeconomic developments to the
financial sector. If micro-level information, such as client balance sheet data, is missing, estimates
obtained exclusively from macro data might paint a rather different picture than more richly
specified microeconometric models. Even in cases where macro-based and combined satellite
models provide qualitatively similar predictions (e.g., given that macro variables from the
aggregate model might approximate the confounded interaction of macro and micro variables in
the combined model), the impact of a given macroeconomic stress scenario will become critically
dependent on the consistency of the macro variables in the two models.
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Appendix
Table Al1: Summary Statistics of the Variables Selected in the Combined and Aggregated
Models
Retail portfolio
Variable Obs Mean Std. Dev. Min Max
Delta retail discounted LGD 37 0.001 0.038 -0.080 0.107
Unemployment_rate region_Q 37 8.596 1.331 5.667 10.034
PRIBOR Year Q 37 2.739 0.779 1.777 4.320
NPL household Q 37 4.538 1.472 2.870 8.231
Real Consumption Growth Q 37 2.822 3.378 -1.860 12.597
Real GDP Growth Q 37 3.325 4.091 -13.646 10.173
Nom Wage Growth Q 37 5.393 3.243 1.183 20.950
3M Pribor 37 0.828 1.006 -1.225 2.872
Nom. cons. growth YoY 37 4.665 2.997 -0.901 10.797
Corporate portfolio
Variable Obs Mean Std, Dev, Min Max
Delta corporate discounted LGD 32 0.008 0.146 -0.332 0.442
Real GDP Growth Q 32 3.523 4313 -13.646 10.173
Consumption Price Inflation Q 32 1.967 3.010 -2.884 9.247
Real GDP_Growth YoY 32 3.490 3.436 -4.792 7.447
Investment price inflation QoQ 32 0.895 7.465 -10.707 16.082

Source: ARAD CNB, private database

Table A2: Outcome of the Linear Regression Model for the Corporate Portfolio

Coefficient  Std.Error Wald Z p-value

Real GDP_Growth Q -0,010 0,002 -6.,0 0
Real Investment Growth Q 0,002 0,000 6,0 0
Consumption_Price Inflation Q 0,012 0,003 4,5 0
Household consumption expend perc -0,034 0,009 -3.8 0
rule_of law 0,965 0,177 5,5 0
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Table A3: Retail Portfolio, Dependent Variable Delta Discounted LGD, 2002(2)-2011(2)

Aggregated model - macro variables

using gets algorithm Coefficient  Std.Error t-value t-prob Part.R"2
Constant 0,049 0,013 3,740 0,001 0,342
3M Pribor (t-1) -0,022 0,006 -3,610 0,001 0,326
3M Pribor (t-6) -0,023 0,006 -3,730 0,001 0,341
Nominal cons. growth YoY(t) -0,019 0,004 -5,150 0,000 0,496
Nominal cons. growth YoY(t-1) 0,014 0,004 3,680 0,001 0,334
blip dummy 2003q1 0,097 0,030 3,220 0,003 0,277
blip dummy 2003q3 0,078 0,030 2,560 0,016 0,195
blip dummy 2003q4 0,073 0,031 2,380 0,025 0,173
blip dummy 2004q1 0,073 0,031 2,400 0,023 0,176
blip dummy 200493 0,090 0,032 2,820 0,009 0,227
sigma 0,028 RSS 0,020

R"2 0,609 F(10,27)= 4.68[0.001]**

Adj.R"2 0,479 log-L 86,284

N 37 no. of pars 10

mean(Y) 0,001 se(Y) 0,038

Aggregated model - macro variables

from combined model Coefficient  Std.Error t-value t-prob Part.R"2
Real cons. Growth QoQ(t) 0,002 0,002 0,792 0,434 0,019
Real GDP growth QoQ(t) 0,002 0,002 1,050 0,300 0,034
Nominal wage growth Qo Q(t) -0,001 0,002 -0,473 0,639 0,007
step dummy 2008q2 -0,079 0,021 -3,860 0,001 0,317
step dummy 2009q4 0,057 0,014 3,980 0,000 0,331
sigma 0,031 RSS 0,031

R"2 0,407 F(5,32)=  6.08[0.001]**

Adj.R"2 0,315 log-L 78,562

N 37 no. of pars 5

mean(Y) 0,001 SC(Y) 0,038
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Table A4: Corporate Portfolio, Dependent Variable Delta Discounted LGD, 2003(1)-2010(4)

Aggregated model - macro

variables using gets algorithm Coefficient Std.Error t-value t-prob Part.R"2
Real GDP growth YoY (t-2) 0,021 0,010 2,100 0,047 0,155
Real GDP growth YoY (t-3) -0,021 0,010 -2,130 0,044 0,159
Investment price inflation 0,009 0,002 4,390 0,000 0,445
blip dummy 2006g4 0,195 0,080 2,440 0,023 0,198
blip dummy 2005q3 -0,138 0,077 -1,790 0,087 0,117
step dummy 2003q2 -0,812 0,110 -7,410 0,000 0,696
step dummy 2003q3 0,878 0,107 8,230 0,000 0,738
step dummy 2003q4 -0412 0,075 -5,490 0,000 0,556
sigma 0,073 RSS 0,128

R”™2 0,807 F(8,24) = 12,27[0.000]**

Adj. R"2 0,742 log-L 42 885

N 32 no. of pars 8

mean(Y) 0,008 se(Y) 0,146

Aggregated model - macro

variables from combined model Coefficient Std.Error t-value t-prob Part.R"2
Real GDP growth QoQ(t) 0,004 0,004 1,020 0,319 0,040
Consumption price inflation 0,000 0,006 0,065 0,949 0,000
Constant 0,342 0,102 3,720 0,001 0,356
step dummy 2002q3 -0,317 0,140 3,510 0,002 0,331
step dummy 2003q2 0,739 0,141 5,980 0,000 0,589
step dummy 2003q3 -0,755 0,104 -6,050 0,000 0,594
sigma 0,087 RSS 0,191

R"2 0,713 F(6,26) = 10.33 [0.000]**

Adj. R"2 0,644 log-L 36,555

N 32 no. of pars 6

mean(Y) 0,008 se(Y) 0,146
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