
Loss-given-default (LGD), the loss severity on 
defaulted debt obligations, is a critical component 
of credit risk management, pricing, and portfolio 

models, and is among the primary determinants of 
credit risk, along with probability-of-default (PD). How-
ever, LGD has not been as extensively studied and is 
considered a much greater modelling challenge than PD. 

Traditional credit models have focused on systematic 
components of credit risk attracting risk premia, and 
unlike PD, determinants of LGD have typically been 
ascribed to idiosyncratic factors. However, there is now 
a debate about whether the risk premium on defaulted 
debt should reflect systematic risk and whether the intui-
tion that LGDs would rise in downturns is correct. 

Our study of LGD compares alternative models 
through rigorous validation, with a rolling out-of-time 
and out-of-sample resampling experiment, in which the 
distributions of discriminatory and predictive accuracy 
statistics are compared. On an out-of-sample basis, the 
beta link generalised linear model (BLGLM) is found 
to consistently outperform the Kullback-Liebler rela-
tive entropy (KLRE) and generalised beta kernel density 
estimator (GBKDE) models. 

Alternative models of LGD
We investigate approaches to estimating LGD, spanning 
the fully parametric to the non-parametric. The former 
have been used mainly in understanding, while the latter 
have been employed in describing relationships. Both 
are of equal importance in modelling LGD. 

Beta link generalised linear model
We consider the case most relevant for LGD estimation, 
and that least pursued in the GLM literature, the beta 
link GLM (BLGLM). In this context we have a random 
variable in a bounded region, which without loss of 
generality we take to be the unit interval. This is most 
conveniently modelled as a beta distribution, in which 
case the ultimate LGD  has a density given by:

where  and 
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 are the standard beta and gamma 

functions, respectively. We generalise this by replacing 
constant parameters by smooth, invertible functions 

 of the linear predictors from the real-line to the 
positive half-plane . The link function is 
taken as a mixture of cumulative beta distributions:

where the parameters φ, a, b are chosen to match fea-
tures of the data. Often there is no closed-form solu-
tion, but we can almost always estimate the underlying 
parameters β consistently and efficiently by numerically 
maximising the log-likelihood function:

Kullback-Liebler relative entropy
An alternative approach to modelling LGD addresses 
the issues of observations concentrated at the {0,1} 
boundaries, noisy data, over-fitting and non-linearity of 
LGD (Friedman and Sandow, 2003). KLRE is a special 
case of information theoretic maximum entropy infer-
ence (MEI), wherein a model distribution is estimated 
by finding the least informative candidate, subject to 
some agreement with the data, in which a distance 
between probability measures is minimised, incorporat-
ing data feature constraints. There is an “efficient fron-
tier” of models, each maximally consistent with a prior 
distribution, given a level of consistency with the data. 
We parameterise this consistency by a parameter α, for 
each level of which we minimise the distance between a 
candidate measure and the prior on the efficient frontier, 
and evaluate investor utility out-of-sample, which the 
optimal model is chosen to maximise. In the candidate 
density we explicitly account for {0,1} point masses and 
a continuous density in (0,1) as:
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Assuming logarithmic utility of the form 
, maximise the KLRE by 

minimising the distance  between the 
equation above and the prior measure :

where  is an empirical measure,

 is a matrix of M

features (powers of LGD and its products with 
covariates):

 

The candidate model should contain as little informa-
tion beyond the prior model as possible in the KLRE 
sense while still consistent with feature constraints, a 
means of controlling for over-fitting. In KRLE minimisa-
tion, a globally optimal model is chosen by evaluating 
the likelihood ratio between the model and a prior with 
respect to an out-of-sample data-set: 

 

where  and  denote the number of observa-
tions, LGD and covariates in the test sample 
respectively. 

Beta kernel density estimator
We next consider the problem of non-parametrically 
estimating a regression relationship, in which there are 
several independent variables and in which the depend-
ent variable is bounded, as an application to the distri-
bution of LGD. 

Standard non-parametric estimators of unknown 
probability distributions, whether conditional or not, 
utilise the Gaussian kernel. It is well known that this 

choice suffers from a boundary bias, the assignment of 
non-zero density outside the dependent variable sup-
port, when smoothing near the boundary. The beta 
kernel density estimator (BKDE) defined on the unit 
interval [0,1] has the appealing properties of flexible 
functional form, bounded support, simplicity of estima-
tion, non-negativity and an optimal rate of convergence 

 in finite samples. 
Furthermore, even if the true density is unbounded at 

the boundaries, BKDE remains consistent, important in 
the context of LGD as there are point masses at {0, 1} in 
empirical applications. We extend the BKDE (Renault 
and Scalliet, 2003) to a generalised BKDE (GBKDE), in 
which the density is a function of several independent 
variables, which affect the smoothing through depend-
ency of the beta distribution parameters on these:

 

 

This formulation shows that we implement an inde-
pendent kernel in each dimension for which a separate 
smoothing parameter is chosen, which governs the 
parameters of the corresponding beta density kernel in 
that dimension.

Resampled performance metrics
In order to analyse the performance of these models, we 
implement an out-of-sample and out-of-time analysis, 
on a rolling annual cohort basis for the final half (12 
years) of a sample data set. We augment this by resam-
pling on both the training and prediction samples. 

In-sample, the BKDE model performs best, the 
BLGLM model worst, and the KLRE model is consist-
ently in the middle. However, this rank ordering is 
reversed out-of-sample, a result that also holds across all 
measures of accuracy, both discriminatory and predictive.

Data and references for this article can be found online.
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