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ABSTRACT K eywords

Logistic regression occupies a central position in the field of
credit scoring as it is relatively well understood and an explicit
formula can be derived on which credit decisions may be based.
Although artificial neural networks may be more powerful than
logistic regression, it is not widely used in credit scoring because
it is a black box with respect to interpretation and the absence of
reasons why the neural network has reached its decisions may be
unacceptable.  In contrast to logistic regression and neura
networks, generalized additive models is a compromise between
inflexible, but docile linear models and flexible, but troublesome,
universal approximators. In this study the performance of a
generalized additive model (implemented as a neural network and
therefore called a generalized additive neural network or GANN)
is compared to that of a logistic regression model on a home
equity data set, where the aim is to predict whether an applicant
will eventually default or be seriously delinquent on a loan.
Partial residuals are used to investigate the effect of the individual
inputs, adjusted for the effect of the other inputs, where the jth
partia residual is the deviation between the actual values and that
portion of the fitted model that does not involve variable X, Using
a GANN architecture therefore assists in alleviating the black box
perception of neural networks with respect to interpretation as the
effect of each input variable on the fitted model can be interpreted
using a graphical method (partial residua plot). Another benefit
of using a GANN isthat the nonlinear effects of the inputs may be
easier to learn in this constrained architecture than in the genera
artificial neural network or multiplayer perceptron setting.

Categories and Subject Descriptors

I [Computing Methodologies]: 1.2 Artificial Intelligence 1.2.6
Learning [Subjects: Connectionism and neura nets]; H
[Information Systems]: H.2 Database Management H.2.8
Database applications [Subjects: Data mining]; J [Computer
Applications]: J1 Administrative Data Processing [Subjects:
Financidl]

General Terms
Algorithms, Performance, Design, Economics

Additive models, neural networks, logistic regression, partial
residuals, predictive modeling, credit scoring

1. INTRODUCTION

Logistic regression (Kleinbaum, 1994); (Hosmer & Lemeshow,
1989) occupies a central position in the field of credit scoring
(Thomas, Edelman & Crook, 2002); (McNab & Wynn, 2000) as it
is relatively well understood and an explicit formula can be
derived on which credit decisions may be based. It is furthermore
widely used in industry and has become the standard used by most
companies.

Although artificial neural networks may be more powerful than
logistic regression, it is not widely used in credit scoring because
it is a black box with respect to interpretation and the absence of
reasons why the neural network has reached its decisions may be
unacceptable. Getting regulatory approval for the use of neural
networks to make credit decisions may also be an important issue
hindering the acceptance and wide use of neural networks in this
environment.

In contrast to logistic regression and neural networks, generalized
additive models is a compromise between inflexible, but docile
linear models and flexible, but troublesome, universa
approximators. In this study the performance of a generaized
additive model (implemented as a neural network and therefore
cdled a generaized additive neura network or GANN) is
compared to that of alogistic regression model on a home equity
data set, where the aim is to predict whether an applicant will
eventually default or be seriously delinquent on a loan. A
scorecard is then built using this technique and compared to a
scorecard built using only logistic regression.

Partial residuals are used to investigate the effect of the individual
inputs, adjusted for the effect of the other inputs, where the jth
partial residual is the deviation between the actual values and that
portion of the fitted model that does not involve variable x;.

Using a GANN architecture therefore assists in aleviating the
black box perception of neura networks with respect to
interpretation as the effect of each input variable on the fitted



model can be interpreted using a graphical method (partia
residua plot). Another benefit of using a GANN is that the
nonlinear effects of the inputs may be easier to learn in this
constrained architecture than in the general artificia neura
network or multilayer perceptron setting.

The rest of the paper is organized as follows. Generalized additive
models are explained in Section 2. The home equity loan example
is described in Section 3. A logistic regression model and a
generalized additive model are built and compared. In Section 4
a scorecard is built using a generalized additive model. The last
section contains conclusions and ideas for future work.

2. GENERALIZED ADDITIVE NEURAL

NETWORKS

The generic supervised prediction problem consists of a data set
of i = 1, 2, ..., n cases (observations, examples or instances).
Associated with each case is a vector of input variables
(predictors, features), X, X, ..., X, and atarget variable (response,
outcome), y. A predictive model maps the inputs to the expected
value of the target. The predictive model is built on atraining data
set where the target is known. The purpose is to apply the model
to new data where the target is unknown.

Some examples of predictive models are presented next so that the
GANN can be classified among other similar models.

21 EXAMPLESOF MODELSUSED FOR
PREDICTION

Thefirst exampleis alinear model given by

E(Y) =B + By + BoXg ++ BeXy @

In (1), the expected value of the target, E(y;), is expressed as a
linear combination of the inputs. A slightly more complex model
isthe generaized linear model of the form

Uo (E(Y)) = Bo + By + BXy +-+ BXy @

A link function, gy, is used in (2) to constrain the range of the
predicted values and is the inverse of the activation function go.
When the expected target is bounded between 0 and 1, such as
probability, the logit link function given by

07 (E(y) = ln(l_LE’?y))

is appropriate. For an expected target that is bounded between -1
and 1, the hyperbolic tangent link function given by

2

% (B =1 aEy)

can be used.

Multilayer perceptrons are the most widely used type of neural
network for supervised prediction. Theoreticaly, they are
universal approximators that can model any continuous function
(Ripley, 1996). A multilayer perceptron (MLP) that has a single
layer with h hidden neurons has the form

K
ggl(E(yi )) =w, +w, tanh(w,, + ijlxji) +

k - ©
-+ W, tanh(We, + D" W X;;)

=1

The link-transformed expected value of the target is expressed as a
linear combination of nonlinear functions of linear combinations
of the inputs (3). The activation function used for the hidden
layers in this case is the hyperbolic tangent function. This
nonlinear regression model has h(k + 1)+1 unknown parameters,
where h is the number of hidden nodes and k the number of
inputs. The parameters are estimated by numerically optimizing
some suitable measure of fit to the training data such as the
negative log likelihood.

2.2 GENERALIZED ADDITIVE MODELS
Generalized additive models (Hastie & Tibshirani, 1990) are a
compromise between the inflexible, but docile, linear models and
the flexible, but troublesome, universal approximators. A
generaized additive model (GAM) hasthe form

E(Y;) =B+ f0¢) + F,0¢) -+ (%)

where the expected target on the link scale is expressed as the sum
of individual unspecified univariate functions. Each univariate
function can be interpreted as the effect of the corresponding
input while holding the other inputs constant. GAMs allow more
flexibility than linear models and are easy to interpret graphically.

GAMs are usually presented as extensions of linear models, but
can aso be presented as constrained forms of flexible universa
approximators such as pursuit regression (Friedman & Stuetzle,
1981) and artificia neura networks (Sarle, 1994). In the latter
case they are caled GANNs. An example of a GANN with two
inputs is shown in Figure 1. Each input has a direct connection
(skip layer), the first input has two nodes in the hidden layer and
the second input has three nodes in the hidden layer.

The basic architecture for a GANN has a separate MLP with a
single hidden layer of h units for each input variable, given by



fj (in) =W tanh(ij W X )+
+Wy tanh(We,, + Wy, X;)

The overdl bias B, absorbs the individual bias terms. Each
individual univariate function has 3h parameters, where h could
vary across inputs. The architecture can be enhanced to include an
additional parameter for a skip layer

fj (in) =Wy Xji W tanh(ij +W11in)+"'

W, tanh(WOhj + Wy in)

so that the generalized linear model is a special case.

f/////,,~«~'lﬂddenlayer

consolidation
layer

Figure 1: Example GANN

Any method suitable for fitting more general MLPs can be used to
simultaneously estimate the parameters of GANN models. As a
result, the usua optimization and model complexity issues aso
apply to GANN models.

The following set of instructions (Potts, 1999); (Potts, 2000) for
the construction of a GANN interactively takes advantage of their
constrained form to simplify optimization and model selection.

1. Construct a GANN with one neuron in the hidden layer
and a skip layer for each input

fj (in) = Wy X + Wy tanh(Wou +W11in) :

This gives four parameters for each input. Binary inputs
only have adirect connection.

2. Fit ageneralized linear model to give initial estimates of
Bo and the wy;.

3. Initialize the remaining three parameters in each hidden
layer as random values from a normal distribution with
mean zero and variance equal to 0.1.

4. Fit thefull GANN model.

5. Examine each of the fitted univariate functions overlaid
on their partial residuals.

6. Prune (remove neurons) the hidden layers with
apparently linear effects and grow (add neurons) the
hidden layers where the nonlinear trend appears to be
underfitted. If this step is repeated, the final estimates
from previous fits can be used as starting values.

For more than half a century, a variety of diagnostic plots have
been used to assess nonlinear relationships between the target and
input variables in multiple regression models. In genera, there are
two complementary approaches to examining the assumption of
linearity: informal graphical methods (Cai & Tsai, 1999) and
formal tests. Ezekiel (1924) introduced an informal graphical
method that was termed the partial residual plot by Larsen &
McCleary (1972). This method is still used frequently.

The visual diagnostics used to aid the model selection processin
this study are plots of the fitted univariate functions, f (in) ,

overlaid on the partial residuals

Prii = 9o (¥)) — B, _Z ﬂ (%)

1£]

= (95" (¥) = 9 () + T,(x;)
versus the corresponding jth input.

With partial residuas the effect of the individual inputs, adjusted
for the effect of the other inputs, can be investigated. The jth
partial residual is the deviation between the actual values and that
portion of the fitted model that does not involve x. When golis
nonlinear, afirst order approximation is usually used

_ 09, (%)

pry = dy (i =¥+ fj (X;i)

The growing and pruning process is started with a single neuron
and a skip layer instead of the linear model. The linear fit is only
used for initialization. The effectiveness of partial residua plots
for visualizing the underlying curve is discussed by Berk &
Booth (1995). They demonstrated that the partia residuals based
on a GAM fit are more reliable than those based on a linear fit.
Also, starting with four parameters is common practice with GAM
estimation.

3. HOME EQUITY EXAMPLE

In this section, two models are built on a data set containing
baseline and loan performance information for 5,960 recent home
equity loans (Wielenga, Lucas & Georges, 1999). The binary
target variable (BAD) indicates whether an applicant eventually
defaulted or was seriously delinquent and occurred in 1,189 cases
(approx 20%). The are 12 input variabless REASON (home
improvement or debt consolidation), JOB (six occupational
categories), LOAN (loan amount requested), MORTDUE (amount



due to existing mortgage), VALUE (value of current property),
DEBTINC (debt to income ratio), YOJ (years at present job),
DEROG (number of derogatory reports), CLNO (number of trade
lines), DELINQ (number of delinquent trade lines), CLAGE (age
of oldest trade line in months) and NINQ (number of recent credit
enquiries). The data were collected from recent applicants granted
credit.

The first model is built using standard modeling practices using
logistic regression. Over sampling might be considered for this
example as the number of BADs is substantialy less than the
number of GOODs. This is not done as our main motivation for
writing this paper is to compare two modeling techniques on a
high level and not to tweak an existing model.

The data set is first split into training (67%) and validation (33%)
data sets. As there are a high percentage of missing values for
DEBTINC (20%), some method is needed to handle the missing
values in the data set: the standard mean value imputation method
for interval targets is used in this example. Other variables with
missing values are handled in a similarly way. The usual variable
transformation step (to handle nonlinear associations between
inputs and the target) is deliberately omitted to illustrate the main
difference between a logistic regression model and a generalized
additive model.

The second model is built using the same modeling practice just
described, except for the replacement of the logistic regression
model by a generalized additive model.

3.1 LOGICTIC REGRESSION

Stepwise logistic regression is performed on the training data set
with missing values imputed. Standard significant levels of 0.05
are used. Two variables are deleted from the model, REASON
and YOJ, and JOB is transformed into 5 variables using N-1
dummy coding. The events classification information given in
Table 1 gives an indication of how well the model discriminates
between bad and good applicants.

Variable Sub-architecture Interpretation

1 LOAN 1 Linear

2 IMP_JOB 1 Linear

3 IMP_REASON 0 Deleted

4 IMP_CLAGE 1 Linear

5 IMP_CLNO 1 Linear

6 IMP_DEBTINC 4 Nonlinear
7 IMP_DELINQ 1 Linear

8 IMP_DEROG 2 Nonlinear
9 IMP_MORTDUE 1 Linear
10 IMP_NINQ 1 Linear
11 IMP_VALUE 1 Linear
12 IMP_YOJ 0 Deleted

Table 2: Generalized Additive M odel Results

The sub-architecture gives an indication of the complexity of the
neural network used to approximate the univariate function (Du
Toit & De Waal, 2003). Deleted indicates that the variable is
deleted from the model, Linear indicates that the relationship with
the target is linear and Nonlinear indicates that the relationship
with the target is nonlinear. The events classification information
for this model isgiven in Table 3.

Data Target Fase Fase True True
role positive | negative | positive | negative
Train BAD 165 292 504 3101
Validate | BAD 80 140 253 1495

Table 3: Event Classification

The resulting model has 23 degrees of freedom. Figures 2 to 10
contain the partial residua plots for the variables in the model.
Note that IMP_REASON and IMP_YQJ are deleted from the

Data Target Fa'?e. False_ Tru_e . True_ model. Their partial residua plots are not given.
role positive | negative | positive | negative

Train BAD 9% 549 247 3101 N

Validate | BAD 43 282 111 1532 :z

Table 1: Event Classification

The model has 15 degrees of freedom (14 variables plus an
intercept).

3.2 GENERALIZED ADDITIVE MODEL

A generalized additive model is built using the developed
AutoGANN node (Du Toit & De Waal, 2005) in SAS® Enterprise
Miner. For illustrative purposes we give a specific model that is
not too complex to highlight some important issues that we will
discuss in the next sections. The resulting model is summarized
in Table 2.
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Figure 10: Partial Residual Plot for IMP_VALUE

It is clear from Figures 5 and 7 that IMP_DEBTINC and
IMP_DEROG exhibit nonlinear relationships with the target. An
important question that needs answering is whether the
complexity of the nonlinear effects exhibited by the two variables
is satisfactory given our domain knowledge of the given problem.

The following insights can be gained from closer inspection of the
partia residuals and fitted curve in Figure 5:

¢ |t seemsthat there exist at |east three extreme points that
dramaticaly influence the complexity of the curve:
these points need further investigation as they may be
regarded as extreme points;

«  Thefitted curve is probably too complex and may need
simplification (so that the model will be able to
generalize better on new data).

Inspecting Figure 7 provides the following insights:

e The curve is dightly nonlinear and it is worth
investigating whether the added complexity of the
nonlinear curve isrealy needed.

e One partiad residual seems out of place, as it is very
unlikely that there can be 0.25 derogatory reports (the
value 0.25 is the result of substituting the missing

values with the mean value). This partia residual
influences the fitted curve and should be further
investigated.

The remaining variables exhibit linear or dlight nonlinear
relationships with the target. These plots should be further
investigated and the complexity of the univariate function
adjusted so as to achieve areasonable fit.

3.3 COMPARISON
Inspection of the ROC Chart (Figure 11) reveals that the
generdized additive model (indicated as ImportModel in the
following charts) does significantly better than the logistic
regression model. Thisis to be expected as two nonlinear trends
have been incorporated into the model.

ROC Chart : BAD =l8lx
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Figure 11: ROC Chart: BAD

The Score Rankings (Figure 12) also indicates that the generalized
additive model is significantly better at discriminating between
the BAD and GOOD applicants.

Score Rankings : BAD =B%
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!
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Figure 12: Score Rankings: BAD

The Classification Chart (Figure 13) further shows that the
generalized additive model correctly identifies a significantly
larger number of BAD customers (see Tables 1 and 3 for further
details).
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Figure 13: Classification Chart

The difference between the two models needs further
investigation.

From the description of the logistic regression model (Section
3.1), it is clear that at least one important step was omitted from
the modelling process: variable transformation was not done.
This is usualy done to model nonlinear trends in a more
satisfactory way. From Figure 5 and Figure 7 it is clear that the
generalized additive model incorporated these nonlinear trends
into the computed model in a transparent way. It is furthermore
not immediately clear what transformations must be done on the
imputed variables to improve the logistic regression results so that
similar results to that of the generalized additive model can be
obtained.

The modeller now has a choice:
1. Usethe more accurate generalized additive model, or

2. Search for transformations to improve the logistic
regression model.

If the latter option is exercised, information from the generalized
additive model may be used to improve the regression model:

1. Vaiables deleted from the generalized additive model
may be investigated for deletion from the logistic
regression model (it is interesting to note that in this
specific example the variables excluded from the
logistic regression are exactly the same as those
excluded from the generalized additive moddl);

2. Variables exhibiting linear relationships with the target
may be kept unchanged; and

3. Variables exhibiting nonlinear relationships may be
candidates for transformation: suitable transformations
should be searched for to model the nonlinear
relationships.

The diligent reader may have realised that quite some effort may
be needed to arrive at the given generalized additive model

presented earlier. This effort may negate the stated advantages as
it may have been spent on searching for suitable transformations
for the logistic regression model giving similar results.

If the generadized additive model is constructed using an
interactive approach relying on the inspection of partia residual
plots, this argument may be valid. However, it has recently been
shown by du Toit and de Waal (2003, 2005) that the construction
of generalized additive models may be automated. No user
interaction is required except for specifying the maximum
complexity of the univariate functions. This approach has been
implemented as a modelling node in SAS® Enterprise Miner
(called AutoGANN) and may be used to compute the generalized
additive model automatically giving substantia time savings
while still resulting in an accurate model. The generalized
additive model presented in this paper was constructed using this
modelling node, but with limited time alowed for the
construction of the model. The modd is therefore not optimal and
may be further improved upon.

4. BUILDING A SCORECARD USING A
GENERALIZED ADDITIVE MODEL

The building of scorecards with logistic regression is well-
understood and standard practice in many companies
(Anonymous). Given the benefits of constructing a generalized
additive model, the process of building a scorecard with this
model is explained in the rest of this section.

If it is possible to get access to the outputs of the univariate
functions computed by the generalized additive model, these
outputs may be used to build a scorecard in the traditional way:
the outputs of the univariate functions become the inputs to a
classical scorecard building process that includes variable
grouping and logistic regression on the weights of evidence.
However, in building the scorecard, no variable transformations
are considered. The generalized additive model computed the
transformations and is now considered a preprocessing step.

The building of the scorecard is completed using the outputs of
the generalized additive model (univariate functions) computed in
Section 3.2 as inputs. The scorecard built the traditional way with
only logistic regression is given in Table 4 and the new scorecard
built exploiting the generalized additive model is given in Table
5.

The scorecards are very similar, except for DEBTINC that now
has a wider range of scorecards points. Thisis to be expected as
DEBTINC was identified as the variable with the most complex
nonlinear relationship with the target. The scorecard points have
also been changed dramatically for this variable.

Split values for the new scorecard are computed by running the
origina split values through the univariate functions giving
“transformed” split values that are then used to built the
scorecard. Note that the origina variable groupings have been
preserved and are transferred to the new scorecard, athough the
scorecard was actually built on the output of the generaized
additive neural network. Keeping variable groupings unchanged
is not optimal and groupings for variables exhibiting nonlinear
rel ationships with the target should be reeval uated.



Characteristic Attribute Scorecard
Name Points
Clage ->120 40
Clage 120->180 50
Clage 180->240 57
Clage 240-> 74

Clno ->9 34
Clno 9->13 60
Clno 13->18 59
Clno 18->24 55
Clno 24->28 54
Clno 28->. 49
Debtinc ->30 96
Debtinc 30->35 29
Debtinc 35->40 82
Debtinc 40->. 54
Deling ->0.9 65
Deling 0.9->1.9 34
Deling 1.9->. 4
Derog ->1.9 55
Derog 1.9->. 15
Job Sales 35
Job Self 44
Job Mgr 49
Job Other 50
Job Profexe 58
Job Office 62
Mortdue .->49999 44
Mortdue 49999->69999 52
Mortdue 69999->. 58
Ning ->0.9 61
Ning 0.9->3.9 51
Ning 3.9->. 29
Value ->74332 55
Value 74332->107824 54
Value 107824->. 49
Loan .->5999 19
Loan 5999->9999 50
Loan 9999->14999 53
Loan 14999->19999 55
Loan 19999->24999 61
Loan 24999->29999 59
Loan 29999->. 56

Table4: Scorecard Built with Logistic Regression

Characteristic Attribute Scorecard
Name Points
Clage ->120 38
Clage 120->180 49
Clage 180->240 58
Clage 240-> 74

Cino ->9 34
Clno 9->13 60
Clno 13->18 59
Clno 18->24 55
Clno 24->28 54
Cino 28->, 49
Debtinc ->30 106
Debtinc 30->35 95
Debtinc 35->40 84
Debtinc 40->. 22
Deling ->0.9 65
Deling 0.9->1.9 34
Deling 1.9->. 4
Derog ->1.9 55
Derog 1.9->. 17
Job Sales 36
Job Self 44
Job Mgr 49
Job Other 50
Job Profexe 58
Job Office 61
Mortdue .->49999 41
Mortdue 49999->69999 53
Mortdue 69999->. 60
Ning ->0.9 60
Ning 0.9->3.9 51
Ning 3.9->. 32
Value ->74332 55
Value 74332->107824 55
Value 107824->. 48
Loan .->5999 27
Loan 5999->9999 51
Loan 9999->14999 50
Loan 14999->19999 60
Loan 19999->24999 55
Loan 24999->29999 65
Loan 29999->. 55

Table 5: Scorecard Built with GANN




Score Range  PumIEve bar o Margind Dumuative  spprow
Goods EBads

B26<=Score<641 19 149 o o.oo o.0o o7
B12<=Score<B26 101 o9 2 220 1.08 513
507 ==Secore<612 2490 236 9 149 167 1z.20
S583==Score<597 472 455 7 129 1.45 23.95
SEQ==Score<583 51 G635 16 503 2.495 308
S54==Scora<559 S50 813 7 10.55 .35 43.19
S40<=Scora<554 1065 1007 == o977 5.45 54.12
H25<=Score<540 1337 1294 =k 12.87 [=R=l=) &7 .99
S511<=Score<525 1516 1369 1497 3017 a.ro 7oz
A97 <=Score<511 1652 1465 187 20.91 1132 B832.09
A22<=Score<4a7 1765 1525 240 <5.090 1260 80 .62
a6S<=Score<dS2 1833 1550 283 6329 15449 a3.14
A5 ==Score<a5s 1996 1569 327 59.89 17.25 a5.34
g439==Score<d453 1925 1575 50 7.3 18.18 ar.sz
gz5==Score<339 1943 1575 pel=i=] 100.0 15.99 23.73
G10==Score<dzs 1955 1575 383 100.0 19.56 29.499
3O6<=Score<410 1961 1575 386 100.0 1962 89.649
3281<=Score<306 1964 1575 320 100.0 1981 ag.s0
367 <=Score<381 1067 1575 fci=ied 100.0 1003 2005
353==Score<367 1963 1575 383 100.0 1997 100.0C

Table 6: Gains Table (L ogistics Regression)

coore Range  UMIEva (TR earer  Mardnal cumustive  spprovs
Goods Bads

G2Z<=Score<Gdd 23 2z 1 4.25 4.25 147

B17 4=Score <632 129 126 2 189 233 655

G0Z<=Score<G17 216 210 =) 1.60 1.90 16.06
G26<=Soore<G02 619 505 14 z2.69 2.26 21.495
S71<=Score<526 291 261 20 5.82 237 4527
G56<=Soore<571 1044 1003 1 7.9 2.03 52.05
540 4=Score <556 1185 1140 a5 a.27 4 60 6072
G25<=Soore<540 12492 1268 74 1203 6.51 62,19
S10<4=Score <525 1483 1370 113 27 BB T E2 536
da5<=Score<510 16132 1452 161 2602 Q.02 21.06
47 4=Score 495 1740 1523 297 4409 12.47 8841

d5de=Score<d7a 1219 1545 27a 7215 15.06 Q2,42
499 <=Spore <69 1279 1663 216 7000 16.82 a5.92
423 <=Score<dd 1921 1573 za2 7519 1812 Q761

B a=Soore <32 1940 1675 265 20497 12.81 02.52
403 4=Score <418 1957 1575 382 100.0 1852 99 .44
287 «=Soore<4032 19683 1675 fei==) 100.0 1977 Q.75
3724=Score <387 1967 1575 382 100.0 1993 9995
2dz<=Score<35T 1962 1575 fei=xc) 100.0 10.97 100.00

Table 7: Gains Table (GANN)

The change in scorecard points for the variable LOAN is due to
the fact that only four decimal places were allowed for split values
(the “transformed” split values are on a completely different scale
compared to origina split values). Closer correlation of the
groupings (and therefore scorecard points) can be achieved by
allowing more precision for the “transformed” split values.

Two extracts from the gains tables for the two developed
scorecards are given in Tables 6 and 7. The difference in
accuracy between the two scorecards is obvious. From the 9™
grouping (highlighted) the following results can be inferred:

e With an approval rate of approximately 77%, the bad
rate for the improved scorecard is more than 2% lower
than that of the original scorecard.

e« The approval rate using the new scorecard can be
increased from 77% to nealy 82% giving a similar bad
rate to that of the old scorecard.

These improvements are significant and may provide huge
monetary benefits to companies willing and able to exploit the
power of generalized additive models.

5. CONCLUSIONSAND FUTURE WORK

As nonlinear models are better understood and become available
in dtatistical and data mining systems, the move from linear
models to nonlinear models is inevitable (progress waits for no
one). There are however externa constraints, such as the need for
regulatory approval, that may hinder or temporarily delay the
replacement of linear models by yet unproven, but potentially
more powerful, nonlinear models such as generalized linear
models and neural networks.

In this paper a way forward is sketched. The standard theory of
scorecard building is not tampered with, but a preprosessing step
is introduced to arrive a& a more accurate scorecard that
discriminates better between good and bad applicants. The
preprocessing step  exploits generalized additive models
(implemented as generalized additive neura networks) to achieve
significant reductionsin margina and cumulative bad rates.

Future work includes a detailed comparison between classical
variable transformations as done in regression modeling and the
univariate functions computed by the neural network.
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