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W N e

Abstract: A vast majority of Loss Given Default (LGD) models are currently in use. Over all the years
since the new Capital Accord was published in June 2004, there has been increasing interest in the
modelling of the LGD parameter on the part of both academics and practitioners. The main purpose
of this paper is to propose new LGD estimation approaches that provide more effective results and
include the unresolved cases in the estimation procedure. The motivation for the proposed project
was the fact that many LGD models discussed in the literature are based on complete cases and
mainly based on the estimation of LGD distribution or regression techniques. This paper presents
two different approaches. The first is the KNN non-parametric model, and the other is based on
the Cox survival model. The results suggest that the KNN model has higher performance. The Cox
model was used to assign observations to LGD pools, and the LGD estimator was proposed as the
average of realized values in the pools. These two approaches are quite a new idea for estimating
LGD, as the results become more promising. The main advantage of the proposed approaches,
especially kNN-based approaches, is that they can be applied to the unresolved cases. In our paper
we focus on how to treat the unresolved cases when estimating the LGD parameter. We examined a
kNN-based method for estimating LGD that outperforms the traditional Cox model. Furthermore,
we also proposed a novel algorithm for selecting the risk drivers.

Keywords: Loss Given Default; survival analysis; Cox proportional hazard model; unresolved cases;
non-parametric model

1. Introduction

According to the Advanced Internal Rating Based (AIRB) approach (CEBS 2006),
institutions use their own internal resources and data to estimate three risk parameters:
the Probability of default (PD), Exposure at Default (EAD), and Loss Given Default (LGD).
These estimates are made following minimal technical standards and guidelines published
by the Basel Committee on Banking Supervision (BCBS 2017).

As one of the risk parameters required to be estimated for capital assessment and
provisioning, credit loss modelling, namely LGD, is the most difficult type of parameter
modelling. This parameter expresses the potential loss expected from defaulted customers
and that is why it is so important for a financial institution. Typically, LGD data are
managed manually. There is often a substantial amount of time needed between an event
of default and the moment of final recoveries. In the guidelines, four basic standards for
the calculation of LGD can be found (BCBS 2017). The most frequently used method is
known as the workout approach. According to this approach, the discounted value of
realized cash flows to when the time of default is measured, relative to the EAD date.
Another technique is the historical LGD, based on information about total losses and PD
estimates. The two remaining methods are market-based approaches. They are derived
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from non-defaulted bond prices by means of an asset pricing model. The problematic
aspect of the workout approach is the precise identification and calculation of the recovery
amounts. It is recommended that all observed defaults from a relevant time period should
be taken into account, including cases where the process has started but has not been
completed at the time the model is estimated (i.e., incomplete recoveries).

The aim of this paper is twofold. The first is to build a model that can be used to
estimate LGD using the unresolved cases. The motivation was the fact that the majority
of studies focus on LGD estimation using only resolved cases. This paper addresses the
shortfall in this research. The other aim is to apply a kNN-based algorithm. The proposed
algorithm allowed us not only to select important variables for the final LGD model,
but also to choose the optimal number of neighbours. A wide range of neighbours was
considered, from 1 to 70. We compared the results obtained with the model based on the
survival approach, namely the Cox proportional hazard model.

The contribution of this paper addresses a real problem regarding treating the un-
resolved cases when estimating the LGD parameter. We examine a kNN method for
estimating LGD that provides better performance than the traditional Cox model. Further-
more, this work presents a new algorithm for choosing the risk drivers.

A novelty proposed in this paper is a novel algorithm for selecting the risk drivers,
which uses MSEOOB and MSE generated in the SAS hpforest procedure. We proposed
a new ranking method described later in this paper. To the best of our knowledge, none
of the studies examined the problem from the perspective of KNN. Therefore, this paper
presents the use of kNN for LGD including resolved historical cases with a possibility of it
to be applied to unresolved cases.

The remaining part of the paper is structured as follows. The Section 2 reviews
recent developments in building LGD models using both resolved and unresolved cases.
In Section 3, the data set and methodology used is described, including the undertaken
approach. Our proposed algorithm for selecting variables is presented. Section 4 describes
the conducted simulation and results obtained. Section 5 provided discussion and Section 6
presents the conclusions.

2. Literature Review

Due to the specific nature of the LGD distribution, a large variety of LGD models are
currently in use. Within the empirical literature, we can distinguish parametric and non-
parametric approaches in LGD modeling. The simplest parametric approach is using linear
regression models based on debt characteristics and macroeconomic variables (Gupton
and Stein 2002), (Bastos 2010, pp. 2510-17), (Altman et al. 2006). However, the linear
model generally produces poorer predictive results. This is the reason that other parametric
models have been tried for LGD estimation. Another popular method for estimating LGD
parameters is logistic regression. It is better suited to LGD data because most observations
are concentrated around two extreme values: 0 and 1. Two logistic models can be built to
predict two extreme values of LGD parameter and they can be combined into one linear
formula. This is an example of how predictions used for continuous and discrete targets
can be combined together to estimate a continuous, bimodal LGD parameter.

Qi and Zhao (2011, pp. 2842-55), compared six methods for modelling LGD and found
that non-parametric methods performed better than parametric ones. This approach was
expanded by Li et al. (2016, pp. 17-47), who analysed some parametric models which were
adjusted to the given bounded and bimodal distribution of the LGD parameter. According
to their findings, advanced parametric models are not significantly superior to the simpler
ones both in prediction or in rank-ordering. It was assumed that the model should be based
on data specificity, ease of implementation and performance.

An approach that has been well established recently in estimating LGD is survival
analysis. Before this occurred, survival analysis was evaluated in the credit risk models for
the previous thirty years. The first attempt to employ this method in credit risk industry
was made by (Narain 1992, pp. 109-21) and it was later expanded upon by others, namely:
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(Banasik et al. 1999, pp. 1185-90; Stepanova and Thomas 2002, pp. 277-89; Baesens et al.
2005, pp. 1089-98). When Basel II (BCBS 2006) requirements of the LGD parameter came
into force, survival attracted attention for this parameter estimation. Some researchers,
(Witzany et al. 2010, pp. 6-27; Privara et al. 2014; Zhang and Thomas 2012, pp. 204-15)
proposed modelling the recovery process of a defaulted loan as a survival process using a
Cox semi-parametric model.

Joubert et al. (2018, pp. 107-32) proposed the usage of survival analysis instead of
traditional logistic regression. The results were compared using the mean squared error,
bias and variance, and showed that the use of survival analysis increases the model’s
predictive power. The proposed survival analysis approach was applied to two simulated
and two retail bank datasets. This approach not only outperformed the logistic regression
but also allowed usage of the censored observations and probability prediction over varying
outcome periods. This approach was later extended by Joubert et al. (2021, pp. 1-17), who
used the default weighted survival analysis (DWSA) method to estimate the LGD for the
International Financial Reporting Standard’s (IFRS) 9 impairment requirements. Using
the retail portfolio of a South African bank, the forward-looking LGD values in various
macroeconomic scenarios were used and expected credit losses were calculated.

Eighteen years have passed since the new Capital Accord was published in June 2004.
Over all of those years, there has been increasing interest in LGD modelling on the part of
both academics and practitioners. Although there is an extensive literature about modelling
and estimating LGD parameters, only a few studies have focused on taking incomplete
recovery rates into account. According to the Global Credit Data report, LGD models must
include unresolved defaults in the modelling process to avoid resolution bias (GCD 2020).
The authors also point out that LGD models based only on the complete cases do not take
recent developments into account, which in turn leads to the underestimation of recent
losses. Extrapolations of historical recovery cash flows refined by the usage of risk drivers
were proposed.

All of these assumptions follow from Article 181(1) of Regulation (EU) No 575/2013
(2013). This states that in relation to the use of all defaults observed during the historical
observation period within the data sources for LGD estimation, institutions should ensure
that the relevant information from incomplete recovery processes is taken into account in a
conservative manner. The LGD estimation should be based on the long-run average LGD.
Under paragraph 147 of the EBA Guidelines on PD and LGD, default observations that are
very close to the time of the LGD estimation process (recent defaults close to the LGD time
that is estimated) are part of the historical observation period and should be part of the
reference dataset. The treatment of incomplete recovery processes for these recent defaults
is more complex and could cause uncertainty to the LGD estimates. (Paragraph 158 of
the EBA GL on PD and LGD) According to the ECB, institutions, to mitigate this risk, can
establish a minimum period during which the default should be observed to be included in
the calculation of the observed average LGD. This minimum period should be justified and
all relevant information regarding defaults observed for a shorter period are considered in
the LGD estimates. In any case, this period should not be longer than twelve months.

Rapisarda and Echeverry (2010) proposed a non-parametric estimator that aggregates
complete and incomplete recovery profiles to produce unbiased estimates of LGD. Ac-
cording to them, this approach allows more efficient estimates of LGD than estimates
obtained from the estimator based on resolved cases only. According to the authors, the
incorporation of incomplete recoveries into LGD estimation implies the introduction of
the recovery dynamics in terms of partial recovery at a given time after default. This
allows for the breaking down of recovery histories into observation windows where they
can be compared regardless of whether they relate to a complete or incomplete workout.
According to Orlando and Pelosi (2020, pp. 1-22) LGD estimates should reflect the practice
of each institution. Moreover, recovery times affect the level of loss. Therefore, in order to
increase the recovery amount, the time of the recovery process should be minimized.
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A conservative approach was presented by Baesens et al. (2016), who considered the
incomplete cases as complete ones. However, there is a risk in this approach of revaluation
of the final LGD values.

On the other hand, Starosta (2020, pp. 195-225) proposed the usage of parametric
and non-parametric methods in order to estimate partial recovery rates for the incomplete
defaults. For this purpose, the mossing recovery rate was calculated in pre-defined time
intervals in order to move to the modelling process. Moreover, it was shown that risk
drivers change with the age of the default.

Unresolved cases are incorporated by means of an estimator based on Kaplan and
Meier (1958, pp. 457-81) and their study of mortality rates. It has been applied to estimate
default rates (Altman (2006); Altman and Suggitt (2000, pp. 229-53)) and to the estimation
of recovery rates (Dermine and Neto de Carvalho (2006, pp. 1219-43); Bastos (2010,
pp- 2510-17)).

Betz et al. (2021, pp. 619—44) also considered resolved and unresolved cases, and for
modelling purposes, used a Bayesian hierarchical modelling framework. The proposed
method is applicable to the duration of recovery processes in general where the final out-
comes depend on the duration of the process and are affected by censoring (unresolved
cases). The authors also found that longer workout processes are connected with higher
losses. The hierarchical approach diminishes parameter biases due to the exclusion of
censored observations in a pure typical LGD model and, thus, enables adequate uncondi-
tional LGD predictions for the non-defaulted exposure and consistent conditional LGD
predictions for the defaulted exposure within one modelling framework.

LGD estimation was also performed for the leasing data. Hartmann-Wendels et al.
(2014, pp. 364-75) compared the effectiveness of parametric and non-parametric methods
in and out of the sample to estimate the values of the LGD parameter for unperformed
lease contracts. According to the authors, hybrid mixed models that attempt to reproduce
the LGD distribution perform well for in-sampled estimation, but have produced poor out-
of-sample results. In contrast, non-parametric models provided fairly accurate in-sample
estimates and performed best out-of-sample. The obtained results suggest that the number
of observations in the dataset affects the relative performance of the estimation methods.
Moreover, sophisticated non-parametric estimation techniques achieved good results for
large datasets, while they achieved simple OLS regression for smaller datasets. Other
research focused on the leasing data was carried out by Kaposty et al. (2020, pp. 248-66).
The authors found that advanced methods such as random forest, as well as updating
information, improve the prediction accuracy. Moreover, it was indicated that outstanding
exposure at the time of default, internal rating, types of standards and lessor industries
seem to be significant factors affecting LGD predictions.

3. Research Methodology

LGD estimation is performed on the mortgage data from one financial institution for
a period longer than ten years. The motivation to use mortgage data was due to the low
default portfolio and long workout period (unresolved cases). The data was generated
in 2021 and it includes both resolved and unresolved cases at this point. The share of
unresolved cases in the entire sample is about 30%. The main goal of the methodology
approach is to incorporate both types of observations into a single survival formula or to
build a non-parametric kNN model to predict LGD for the whole population including
unresolved cases.

The development data set is prepared for the performing customers who will enter
default status in the next twelve months. All variables with more than 10% of missing
values were removed from the data set. The missing values were replaced with the mean
of the covariate. The entire dataset contains approximately 1770 observations and 380
variables which can be potentially used as model variables. The data set was then split into
train and test samples at a proportion of 70/30.
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For the building part of the kNN model, the train data set was limited to the resolved
cases only, but the further usage of the model was devoted to the unresolved cases. The
exclusion of unresolved cases from the development sample is necessary and obvious for
the kNN model because the model builds the LGD estimator on the basis of historically
collected and completed collection processes. Comparing the regression model with the
kNN approach, the regression model built on the population of resolved cases uses the risk
drivers and estimated weights based only on that portion of the whole population, while
the kNN model builds final LGD estimation based on the customer’s characteristics and
collateral and looks for similar historical cases. Our results of the kNN approach can be
used to estimate the LGD of unresolved cases despite the fact that we did not use these
cases in the estimation procedure.

The initial step of model building is the selection of significant variables. It was made
using the Hpforest SAS procedure. This is a known, effective procedure to select important
variables for the model building process. The following variables in Table 1 have been
selected as the most significant ones and the further estimation procedure is based only on
the selected set of variables.

Table 1 shows the most significant variables selected by quality statistics produced by
the Hpforest procedure such as:

MSE—mean square error,

AAE—absolute error,

MSEOOB—mean square error out of bag,

AAEOOB—absolute error out of bag,

Rank—the final rank used for the variables’ selection based on MSEOOB and MSE
generated by the SAS hpforest procedure.

As the number of trees increases, the fit statistics usually improve (decrease) at first
and then level off and fluctuate in a small range. Forest models provide an alternative
estimate of average square error and misclassification rate, called the out-of-bag (OOB)
estimate. The OOB estimate is a convenient substitute for an estimate that is based on test
data and is a less biased estimate of how the model will perform on future data. The list
shows that the OOB error estimate is worse than the estimate that evaluates all observations
on all trees.

For the purposes of this paper, a combination of two statistics, MSEOOB and MSE, was
used. The resulting rank statistic is then used to estimate the importance of all variables.
The proposed approach was used because the MSEOOB seems to produce inadequate
results for variables due to the limited number of observations in the out of bag sample,
otherwise it would be the best choice for final ranking (Table 1). We assumed a 0.7 weight
for it.

The rank is defined as follows:

Rank = (MSEOOB, 0.000001) x 0.7 + (MSE, 0.000001) x 0.3, 0.00001); 1)

where

(.,0.00001)—mathematical rounding down transformation to 6 decimal places,
MSE—mean square error calculated on the train sample,
MSEOOB—mean square error calculated on the out of bag sample,

Hpforest SAS procedure was used with the following parameters:

hpforest(maxtrees = 300 vars_to_try = 50 seed = 600 trainfraction = 0.6

maxdepth = 50 leafsize = 6 alpha = 0.1) @
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Table 1. Quality statistics of variables.

Variable NRules MSE AAE MSEOOB AAEOOB Rank
ltv_current 1452 0.013111 0.027580 0.00880 0.021970 0.01009
F_LTV_RATIO 908 0.005687 0.011777 0.00285 0.008024 0.0037
FLAG_REFI 446 0.003268 0.008623 0.00265 0.007872 0.00284
LTV_dynamics 1013 0.003258 0.006843 0.00020 0.003019 0.00112
LTV_plus_DTI_ratio 933 0.003059 0.006284 0.00025 0.002753 0.00109
time_to_maturity_months 740 0.002260 0.004631 —0.00005 0.001779 0.00064
F_BALANCE_RATIO_12M 476 0.001373 0.002909 —0.00000 0.001079 0.00041
past_due_amt_avg 362 0.001396 0.002802 —0.00016 0.000963 0.00031
time_to_maturity_year 598 0.001320 0.002689 —0.00023 0.000785 0.00024
industry 588 0.001145 0.002334 —0.00022 0.000580 0.00019
in_due_amt_cum 328 0.000975 0.002220 —0.00015 0.000848 0.00019
MTH_SINCE_LIMIT_START 810 0.001618 0.003435 —0.00049 0.000694 0.00014
dist_limit_breach_24 445 0.001102 0.002480 —0.00031 0.000752 0.00011
c_rel_limit_breach_12 49 0.000302 0.000541 0.00002 0.000239 0.0001
abs_limit_breach_24 382 0.000875 0.001945 —0.00028 0.000516 0.00007
c_rel_breach_24 79 0.000279 0.000540 —0.00002 0.000156 0.00007
marriage 273 0.000632 0.001183 —0.00019 0.000206 0.00006
Life_ins_flag 38 0.000184 0.000376 0.00000 0.000155 0.00006
F_BALANCE_RATIO_SM 500 0.000976 0.002010 —0.00034 0.000302 0.00005
min_last_3M 286 0.000825 0.001661 —0.00033 0.000352 0.00002
c_both_limit_breach_12 10 0.000053 0.000098 0.00000 0.000033204 0.00002

Ultimately, the data set was randomly split into the train and test data set to ensure
70% observations in the train data set. The above selection of variables was applied to both
models built in the paper.

3.1. Non-Parametric Approach

The kNN model was built assuming the following Euclidian metric between observa-
tions in the test and train sample:

d(x,y) = /Y0 (i —vi)? @3)

where:

x =(x1, ... Xp) is the vector of variables for the observation from the test sample
Yy =1, ... yn) is the vector of variables for the observation from the train sample
n is the number of variables.

The test set is separate from the train data set. It includes the cases for which neigh-
bours from the train set are selected. The share of the test set in the population is 30%,
while the share of the train is 70%.

The model was built in SAS but the original proprietary algorithm was implemented
as there is no KNN regression procedure in SAS except the KRIEGE2D procedure, which
is very limited in our application. The built algorithm helps to select important variables
for the model and to choose the optimal number of neighbours as well as the number of
variables in the model.

Before the metric was applied, all variables were normalized due to the following
transformation to ensure the same meaning of distance calculation.

y = X —avg(X) )

std(X)
The kNN algorithm finds for each observation in the test set the neighbourhood
included in the train set and calculates the average LGD on this basis. The kNN model
was performed many times for the number of neighbours (from 1 to 70) and number of
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variables used in the Euclidian metric from 1 to 20. In total it was used 1400 times. The
results of R for all choices are shown in the figures included in Table 2. In each iteration of
the model sequence, only the variables correlated on the level lower than 70% in terms of
the Pearson coefficient were adopted for the model.

For each observation from the test data set, the neighbours, the metric and the pre-
dicted LGD were assigned based on the observations from the train data set and then
compared to the realized LGD. All these iterations and the proposed approach help to
find the final model structure with the best quality, and this means that a set of variables
and number of neighbours will be selected for further use for LGD estimation. Next, the
selected model is ready for use in production, e.g., for unresolved cases.

Table 2. KNN model structure.

Variable Mean Std

industry 8.75 4.81
balance_ratio_12m 0.966 0.0517
time_to_maturity 267.8 90.89
LTV_dynamics 1.041 0.299
Flag_refi 0.191 0.393
LTV_current 0.654 0.243

3.2. Survival Approach

In the semi-parametric model, the so called Cox proportional hazards model, only the
regression part is parametrically specified, while the time distribution is not parametrically
specified (non-parametric approach). It is assumed that the continuous variable T means
the time until the occurrence of the event, in this case the end of the workout period. For
the Cox regression model, the hazard function is given by:

h(t|xy,...,x;) = ho(t)exp(aixy + ... + agxg) 5)

where:

ho(t)—base hazard, parametrically non-specified function of time,
X1, X2, ... Xy—explanatory variables.

Cox (1972, pp. 187-220) proposed using the novel approach based on the partial
maximum likelihood method to estimate the semi-parametric models. In this approach, the
integrity function is divided into two parts: the first part only containing the parameters,
and the second part containing the parameters and the hazard function as well.

The main advantage of the Cox model is the assessment of the explanatory variables’
dependence on the process without the necessity of the specification of the baseline hazard
ho(t). However, the main disadvantage of the Cox model is the proportionality assumption
(Blossfeld and Rohwer 2002). This assumption requires the hazard rate to be fixed for
each pair of individuals at any time. When the proportionality assumption is violated, the
additional time-dependent variables can be included. In this case, the model is named
the non-proportional hazards Cox regression model. The results of Cox model estimation
are not only the parameters describing the dependence of explanatory variables on the
probability and on the base hazard, but it is also possible to include censored information
about the customer. This is the main advantage in incorporating unresolved cases (unfin-
ished workout period). All assumptions applied in typical regression models, such as the:
normality assumption, noncollinearity assumption, etc. continue to apply in this case as
well.

4. Results of Application on Real LGD Data
4.1. Results for NN Non-Parametric Model

The dependency between the number of neighbours and the value of R? was analysed,
and the results are presented in Table 2. It can be seen that the increasing number of
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neighbours (k) influences this dependency. For a smaller number of neighbours (1-10), the
R? values do not exceed 0.2, and the lines presenting the value of k are divergent.

As the number of neighbours increases, the relationship becomes greater and more
visible. In addition, there are also visible jumps in this relationship if we increase the
number of variables, more or less when the variables increase by five. Once the variable
level of 10 is reached, subsequent increases are not so visible. The greatest increase is for
the first five variables (up to 0.22) and then for 10 (up to 0.24). As the number of neighbours
grows, the curves representing the relationships smooth out, and they get closer and closer
until they practically coincide for the neighbours in the last category (where k is between
61 and 70). This is a completely different relationship than for the number of neighbours
between 1 and 10, which are practically separate. As the number of neighbours (k) increases,
the lines representing dependencies get closer.

The final model was established in accordance with the principle of minimizing the
number of neighbours and the number of variables, while not reducing the quality of the
model. The highest R? obtained was around 25% and relates to the number of variables
from 6 to 15 and the number of neighbours around 40-70 (Figures 1 and 2). The proposed
model follows the above principle and assumes six variables and 25 neighbours and gives
an R? equal to 23.8%. The drop in the quality of the model is meaningless but the number of
neighbours decreased significantly. The structure of the model is shown in Table 2. The first
column contains the variable name, the second column contains the mean of the variable,
and the third one contains the standard deviation of the variable. The final LGD estimation
is based on the average of LGD for neighbours, where the metric is calculated from Formula
(2), but variables are normalized due to Formula (3).

1—10 11-20

The dependency between R-squared and the number of variables for k: k>0 and k<-10

The dependency between R-squared and the number of variables for k: k>10 and k<=20

12 3 4 5 & T 8 9 10 M 12 13 14 15 16 17 18 19 20 12 3 4 5 6 7 8 9 10 N 12 13 14 15 16 17 18 19 20
the number of variables the number of variables

_— — — K om— m—2 =1 i 1
. : = = - i =

21-30 3140

The dependency between R-squared and the number of variables for k: k>20 and k<=30 The dependency between R-squared and the number of variables for k: k>30 and k<=40

12 3 4 5 6 7 8 9 10 M 12 13 14 15 16 17 1B 19 2 12 3 4 5 6 7 8 9 10 M 12 13 14 15 1% 17 18 19 20
the number of variables the number of variables

ko — —2)  — 2 2 K w— m— —33 3 £
% 2 —0 w—9 w3 3% 3 —3p w—30  e—4)

41-50 51-60

Figure 1. Cont.
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The dependency between R-squared and the number of variables for k: k>40 and k<=50

the number of variables

k — —  —3 4 5
%

12 3 4 5 6 7 8 9 10 M 12 13 14 15 16 17 18 19 2

The dependency between R-squared and the number of variables for k: k»50 and k<=60

2 03 4 5 6 T 8 9 10 M 12 13 14 15 %6 17 18 19 20

the number of variables

K w—1 m— 53 54 55
5 w—5p w5y 5]

61-70

The dependency between R-squared and the number of variables for k: k>60 and k<=70

the number of variables

K —1 m—  m— 3 4 3
E 67 m—0f w0 70

12 3 4 5 6 7 8 9 10 U 12 13 14 15 16 17 18 19 20|

Figure 1. Results of discriminatory power of the model split by the number of neighbors in the

batches.

1-10

11-20

The dependency between R-squared and the number of neighbors for : n_vars>0 and n_vars<=10

0 10 2 kY % 50 &0
the number of neighbors

nvars w— —  — 3 4 5
5 7 — w—  —10

The dependency between R-squared and the number of neighbors for : n_vars>10 and n_vars<=20

the number of neighbors

nvars  — —1  —13 1 15
16 7 —g w—1  —20

Figure 2. Results of discriminatory power of the model split by the number of variables used in the

metric in the batches.

Published studies Zhang and Thomas (2012, pp. 204-15), Matuszyk et al. (2010,
pp- 393-98) show that LGD predictions based on linear or logistic regression do not have
high performance values, usually obtaining a value of R? around 10%. In comparison,
results obtained by Witzany et al. (2010, pp. 6-27) confirmed that the survival methods
utilizing partial recovery observations provide significantly better ex ante predictions with
R? exceeding 15%. The authors proposed the modification of the survival methods, in
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particular the pseudo Cox model, based on the minimization of squared differences on the
last known recovery rates, which outperformed all of the other methods.

4.2. Results for Survival Cox Regression Model

For Cox regression, only the first 20 variables with highest rank values were used
(see Table 1). Once the correlated and insignificant variables were eliminated, there were
four final variables in the model (see Table 3). The end of the workout process (resolved)
n = 1516 was set up as the event, and all observations with an unfinished workout period
(unresolved) were censored n = 722 (32.26%).

Table 3. Cox model results.

Variable HR Pr >Chi-Square
ltv_current 0.261 <0.0001
FLAG_REFI 1.413 <0.0001
LTV_dynamics 1.390 0.0009
MTH_SINCE_LIMIT_STAR 1.003 0.0003

The estimate of the linear predictor was split into four buckets using the values of the
quantiles which divided the data into four parts. The first quartile (Q1) = —0.5592632, the
second quartile (Q2) median = —0.3201044, the third quartile (Q3) = —0.0791387. According
to this the following four PI groups were created:

1. PI1 for predictor < —0.5592632
2. PI2 for predictor> —0.5592632 and predictor < —0.3201044
3. PI3 for predictor > —0.3201044 and predictor < —0.0791387
4. PI4 for predictor > —0.0791387

For each PI group the product-limit survival curves were generated and compared.

Plots of Kaplan-Meier product limit estimates of survival for each distinguished group
(PI1-PI4) are presented in Figure 3. Customers grouped in PI1 appear to have a higher
survival rate than customers in the other remaining groups. The median survival time for
those grouped in PI1 appears to be 1800 days versus about 1400 days in P12, 700 in PI3, and
550 in PI4.

Product-Limit Survival Estimates
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Figure 3. Product-Limit Survival Curves.
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To compare survival between groups we used the log-rank test. The null hypothesis
is that there is no difference in survival between the groups or that there is no difference
between the groups in the probability of default at any point.

The results of the homogeneity tests across PI groups are given in Table 4. The log-rank
and Wilcoxon statistics and their corresponding covariance matrices are displayed. Table 5
consists of the approximate chi-square statistics, degrees of freedom, and p-values for the
log-rank, Wilcoxon, and likelihood ratio tests. All three tests indicate strong evidence of a
significant difference among the survival curves for four PI groups (p < 0.001). Calculations
were obtained from the Lifetest procedure in SAS.

Table 4. Testing Homogeneity of Survival Curves.

Test Chi-Square DF Pr > Chi-Square
Log-Rank 168.8766 3 <0.0001
Wilcoxon 156.2176 3 <0.0001
—2Log(LR) 163.8532 3 <0.0001

Mean values of the empirical LGD for pools in the Cox model. Pools were created as
deciles of predictor values. Pools 6 and 7 were merged as well as pools 9 and 10 in order to
achieve the monotonicity.

Table 5. Testing the Homogeneity of Survival Curves.

pred_pull N Obs Mean CL for Mean Lower 95%  CL for Mean Upper 95%
1 223 0.7103777 0.6604636 0.7602917
2 223 0.6624722 0.6109374 0.7140071
3 223 0.5806928 0.5247719 0.6366137
4 223 0.5239063 0.4701421 0.5776704
5 223 0.4489127 0.3954176 0.5024078
6 446 0.3857638 0.3488588 0.4226689
8 223 0.3294724 0.2777145 0.3812303
9 453 0.3216792 0.2858875 0.3574710

5. Discussion

The main purpose of this research is to propose new LGD estimation approaches that
provide more effective results and include the unresolved cases in the estimation procedure.
The motivation for the project was the fact that many LGD models discussed in the literature
are based only on the complete cases. There is a risk that such an approach can underestimate
the recent losses. Our proposal proved the usefulness of our approach for LGD modelling,
because the approach of treating incomplete cases as complete does not produce the best
results (Baesens et al. 2016). Furthermore, according to Rapisarda and Echeverry (2010),
consideration of the complete and incomplete cases allows more efficient estimates of mean
LGD than those obtained from the estimator based on resolved cases only.

For this purpose, we built a model based on the kNN method and estimated LGD
including resolved cases, but it could be used for unresolved cases as well. According to
the results obtained, the proposed approach outperformed the traditional Cox model. The
main advantage, however, of the survival approach is the straightforward incorporation of
unresolved cases into the model (Dermine and Neto de Carvalho 2006; Bastos 2010). As
mentioned in Baesens et al. (2016), considering only complete observations creates the risk
of the overestimation of the LGD. In our research we decided to apply a methodology that
allows the usage of incomplete observations in order to reduce such bias.

We also propose a novel algorithm for selecting the risk drivers which is based on
MSEOOB and MSE generated by the SAS hpforest procedure. To the best of our knowledge,
this algorithm has never been applied in research.

Results for the non-parametric approach suggest that the relationship between number
of neighbours (k) and values of R? become greater and more visible. Moreover, as the
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number of neighbours increases, the lines representing dependencies get closer. This
finding confirms results achieved in the research done by Qi and Zhao (2011), where the
non-parametric approach outperformed the parametric one.

The final model was established in accordance with the rule minimizing the number
of neighbours and the number of variables while not reducing the quality of the model.
The highest R? obtained was approximately 25% and relates to the number of variables
from 6 to 15 and the number of neighbours being about 40-70. For comparison, the highest
performance values usually obtained a value of R? around 10% for banking data (Zhang
and Thomas 2012; Matuszyk et al. 2010). In comparison, results obtained by Witzany et al.
(2010) confirmed that the survival methods utilizing partial recovery observations provide
significantly better ex ante predictions, with R? exceeding 15%, which is still significantly
below the 25% obtained in our model.

The successful application of the survival analysis in other studies for LGD modelling
(Witzany et al. 2010; Privara et al. 2014; Zhang and Thomas 2012; Joubert et al. 2018)
encouraged us to apply this approach in our analysis. In the case of the survival Cox
regression model, we approached comparison differently because we treated the end point
of the workout period as the event in our model and the unfinished workout period as
censored cases. In a Cox model, the linear predictor was split into four buckets, using the
values of the quantiles, and the data was divided into four equal groups. For each group,
the product-limit survival curves were generated and compared. The median survival time
for customers was different in each group, ranging from 550 to 1800 days. To estimate LGD,
we calculated empirical LGD in pools and proposed those values as LGD approximation.

Despite the lower values of R? achieved for the Cox survival model compared to the
kNN method, we can still consider the model to be at the medium performance level and
to provide the advantage of the inclusion of unresolved cases. For future research, we
would like to delve into survival modelling incorporating randomness such as random
survival trees. As survival approach was outperformed by the kNN method, we will also
concentrate on finding a way to optimize this algorithm.

6. Conclusions

In our paper, we considered the use of unresolved cases when estimating the LGD
parameter. We examined a new non-parametric KNN method for estimating LGD that
provides better performance than the traditional semi-parametric Cox survival model.
The final model was established in accordance with the rule minimizing the number of
neighbours and the number of variables, while not reducing the quality of the model. The
highest R? obtained equals approximately 25%. For comparison, the highest performance
values of R? were usually around 10% for real banking data. The performance of this model
gives an advantage in LGD modelling. Furthermore, we also propose a novel algorithm for
selecting the risk drivers, which seems promising in terms of further research. Despite the
fact that we analysed only one portfolio, our proposal can be applied in practice. Using the
kNN method for estimating LGD is applicable in the banking system, as banks have access
to more and more data available on a daily basis, in addition to having more powerful
computers to perform such analyses.
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