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by Jeffrey S. Morrison

his article continues the series dealing with modeling

requirements for Basel Il. Previous articles have focused

on the problems of missing data, model-building strate-

gies, special challenges in model validation, and time to default.
This article looks at a completely different approach to modeling
PD (probability of default) and LGD (loss given default)—artificial

neural networks.

hen credit and repay-
ment relationships are
extraordinarily com-

plex, it becomes far more difficult
to arrive at the probability of
default and loss given default.
Previous articles in this series
offered a variety of strategies,
such as transforming the predictor
variables, discretizing and binning
the data, constructing dummy
variables, including interaction
terms, and developing segmenta-
tion schemes using CART. 1
However, it is possible that
even these procedures do not go
far enough. Developing interaction
variables, for example, usually
requires prior knowledge for the

specification to be useful.
Techniques such as logistic
regression may prove less accurate
than methods designed to handle
nonlinear data.

An artificial neural network
(ANN), often just referred to as a
neural net, uses a mathematical
approach to represent the process-
ing of information in a fashion
similar to the human brain.2
Originally designed for pattern
recognition and classification,
ANN also can be used for cluster-
ing and prediction applications.

The terminology associated
with designing ANNSs can be so
different from anything we’re
used to that even professional

model-building practitioners can
get lost in the nomenclature. In a
1997 paper?, J. Stuart
McMenamin attempts to bridge
the gap between traditional
econometric methods, such as
regression analysis, and the con-
cepts surrounding neural net-
works. He explains that neural
networks are essentially nonlinear
models that can approximate a
wide variety of data-generating
processes. Furthermore, at the
heart of most ANNSs is a recom -
mended procedure for modeling
probability of default—the logistic
function.

So let’s define some ANN
terms by comparing them with
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terms used earlier in this series:

e In regression terminology, we
estimate parameter weights or
coefficients. In ANN terminolo-
gy, these are called connection
strengths.

e Inregression, the parameter
estimate for a particular vari-
able is called its slope
coefficient. In neural network
terms, we call it the tilt
parameter.

e Inregression, we have a term
for constants—the y-inter-
cept. In neural network term#
nology, these are called bias
parameters.

The objective for both
processes is to find a set of param-
eter weights (or connection
strengths) that will make the
errors as small as possible. In
regression, this process tends to
be rather direct. In neural net-
works, however, the solution can
be much more iterative and some-
times quite a bit slower.

Back-propagation. Although
a variety of parameter estimation
techniques abound in the indus-
try, back-propagation may be most
popular. Basically, this is a repeti-
tive process of using the estimat-
ed parameters to compute the
forecasting errors where an adjust-
ment is made so the next pass of
errors is smaller. Back-propagation
is an example of supervised learn-
ing because it requires knowledge
of the “correct answers” as it
learns the data and finds accept-
able parameter estimates.

The Neural Network Structure
Figure 1 shows the most basic

type of structure you will find in

neural network software packages.
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Figure 1

Common Neural Network Structure
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This is called a feed-forward archi-
tecture. In this type of network,
information is passed from one
layer to the next in a one-direc-
tional fashion. No information is
channeled laterally or backwards
in the network. At the bottom of
Figure 1, we see the process
begins with the predictive vari-
ables at the input layer. These
variables would be data such as
LTV, loan type, debt to income,
credit score, and so forth.

Next, we see this information
is passed to the hidden layer con-
taining the primary workhorses of
the neural network—the activation
functions. This is where the logis-
tic functions or other nonlinear
mechanisms reside. For a logistic
function, the value is bounded
between 0 and 1. Under some
conditions, a node will take on a
value close to 1, implying a firing
or activation condition in a human
neuron. Under other conditions,
the firing or activation condition is
not implied, as the node takes on
a value closer to 0.

The more nodes you specify
in the hidden layer, the more
complex the network. It’s typical-

ly up to the user to decide how
many nodes to include in the hid-
den layer—that is, how much
complexity the network will need
to produce the best forecast possi-
ble. Usually, two to five nodes in
the hidden layer will provide the
best results. If too many nodes are
included in this layer, the network
can “overfit” the data, making it
look predictive on training data
but result in poor performance
when new information is present-
ed.

Finally, we see the process
ends at the output layer where the
information from the previous
layer is put together often in a lin-
ear fashion—not unlike what we
might see in a regression equation.

In addition to the terminology
already presented, other terms
may be encountered when dealing
with neural networks. The term
epoch represents a network’s pass
through the data. Many neural
networks are designed to make
numerous passes through the data
to find the most appropriate
parameter values. This is called
training the network. Each time
the data is presented, the informa-
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tion may be reordered or random-
ized. The learning rate of a neural
net reflects the step size when the
weights are adjusted, as might be
the case in back propagation.
Often it is up to the user to pro-
vide input into these parameters—
parameters that can dramatically
affect the accuracy of the network.

Essential Key Features

Neural network software
comes in a variety of flavors, each
with its own unique user interface
to make things simple while pro-
viding the flexibility needed to
build good models. Regardless of
which software you choose, look
carefully at how the package does
four things.

1. Data interface. The soft-
ware you select should have an
excellent interface to allow you to
look at your data, perform prelimi-
nary analysis on it, and get it in
the right form for model building.

2. Classification and/or pre-
diction. The software needs to
have the proper routines available
for building PD and LGD mod-
els. If you are building a probabil-
ity of default model for Basel
requirements, then you may be
interested in a prediction tool
rather than a pure classification
tool. Be sure to determine
whether the software offers the
capability of extracting probability
estimates. For LGD modeling,
you might want a general regression
neural network (GRNN). GRNN
often is quick to estimate but
sometimes a little slow to make
predictions on new data.
However, a good neural net pack-
age should be flexible enough to
include all these capabilities.
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3. Sensitivity analysis. This
feature indicates the model’s most
important predictor variables.
Sensitivity analysis can be done in
a variety of ways”, but because
nonlinearity issues surround a
neural net model, take care to
evaluate each variable. In other
words, the impact of each variable
may depend not only on its value,
but also on the interaction of
other variables. So perform this
analysis by using graphical plots
of the data across the range of
input values for each predictor.
Sometimes the software automati-
cally performs this type of analysis
by removing the variable from the
model and examining the impact
on the output value. It would be
wise to have looked into the sen-
sitivity issue before deployment,
as regulators expect you to know
what variables play the most
important role in your model.

4. Implementation code.
Implementing a PD model
derived from a logistic regression
is relatively simple; the most diffi-
cult part is performing a basic
exponential function. However,
implementing a neural network
model can be a complex and diffi-
cult task. A good neural net soft-
ware package should have a
deployment engine that automati-
cally generates the code necessary
to score new data in languages
like C (a programming language.
similar to Visual Basic—VB—but
much quicker). Deployment soft-
ware should be able to handle
data cleansing, transformations
and to perform the appropriate
methods to account for missing
data. The code also should be
written in a manner efficient

enough to score the entire portfo-
lio in a timely manner.

Modeling Challenges

Building regression models is
both art and science. Designing
an effective neural network poses
similar challenges. In building a
PD or LGD model using a regres-
sion technique, you must decide
at the very least which variables to
include and which to eliminate,
and whether to transform the vari-
ables or break them up into more
discrete predictors. In building a
PD or LGD model using a neural
net, you still have to decide which
input predictors to use, how many
nodes should be present in the
hidden layer, the number of
epochs to run, which learning rate
to specify, and sometimes which
training routine is appropriate.

It occasionally is possible that
the estimation algorithm in a
logistic regression model will not
“converge” because of one prob-
lem or another. However, lack of
convergence is obvious because
warning or error messages are usu-
ally produced. In neural networks,
it is possible that the network will
converge on a solution that is
more local than global—meaning
that the process does not find the
overall best solution. This is part
of the trial-and-error methodology
associated with neural nets. Some
schools of thought say that rather
than a single model, you should
build a variety of models that vary
the number of nodes in the hid-
den layer, learning rates, and
other parameters needed by the
neural net software.

Summary
Neural networks can offer the
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analyst a means to build flexible
nonlinear models for portfolios
with credit behavior that are
potentially too complex for tradi-
tional techniques such as regres-
sion analysis.> One advantage is
that the network can automatical-
ly determine what these nonlin-
earities may look like—a big plus
if the relationships within the data
are not well understood before-
hand. These networks are gener-
ally designed around a three-layer
architecture—the input layer, the
hidden layer, and the output layer.
The primary engine in these net-
works resides in the hidden layer
through activation functions.
Although neural networks are by
design able to capture nonlineari-
ties in the data, their use is not
without human judgment. Since
there are many different neural
net software packages commer-
cially available—each with its own
variety of estimation algorithms,
optimization routines, input
parameters, and graphical inter-
faces, software-specific experience
is needed to build an effective
predictive model.
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Once the neural network has
been trained and deployed, there
remains the problem of explaining
its design to both the regulators
and the line of business. You must
be prepared for such questions as
why one account receives a high
score while others that appear
very similar receive a much lower
score. Although a good sensitivity
analysis can help answer these
questions, you still face the formi-
dable task of explaining a possibly
complex model that will
inevitably be seen by some as a
“black box.” Given that modelers
using regression approaches are
equipped with strategies to
approximate nonlinear relation-
ships to some extent, it may be
argued that the use of neural net-
works for PD and LGD estimates
is worthwhile only when their
incremental predictive value is
substantial.® Therefore, | recom-
mend using neural networks in
the modeling process as part of a
champion-challenger strategy
where the winner, if it is found to
be a neural network, is only
deployed given a substantial

increase in predictive power. 1

Contact Morrison by e-mail at
Jeff.Morrison@suntrust.com.
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