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The concept of binning is known by many names: discretisation, classing, grouping
and quantisation. It entails the mapping of continuous or categorical data into discrete bins.
Binning is an important pre-processing step in most predictive models and considered a basic
data preparation step in building a credit scorecard. Credit scorecards are mathematical models
which attempt to provide a quantitative estimate of the probability that a customer will display
a defined behaviour (e.g. default) with respect to their current credit position with a lender.
Among the practical advantages of binning are the removal of the effects of outliers and a way
to handle missing values. Many binning methods exist but they are often time consuming to
actually carry out. We propose a new method, Autobin, that is based on data splitting and
maximising a cross-validation form of the predicted log-likelihood. Autobin has the advantage
of being nearly automatic and requires very little by way of tuning parameters. In a limited
simulation study done, it was found that Autobin outperforms its competitors.
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1. Introduction

In predictive modelling, many statistical techniques are sensitive to the way data are analysed. Binning
or discretisation is one of the simplest and most popular methods used in this regard. This paper is
motivated by credit scoring applications and considers the case of regressing a zero-one response
variable on a discrete explanatory variable which may need to be binned in order to improve its
predictive quality. An example from a real life credit scoring data set is shown in Table 1. This is
a home loans data set, for details of which see Wielenga, Lucas and Georges (1999). The response
variable Y indicates whether or not an applicant eventually defaulted (went “bad”). Here the regressor
X is “delinq” which is one of the independent variables in the data set and indicates the number of
delinquent trade lines of the customer (as observed by the credit bureau 12 months earlier). It takes
14 different values (v) indicated in the second column of Table 1. The corresponding frequencies
(f) are shown in the third column and the number of bads () among them are shown in the fourth
column. The maximum likelihood estimate (MLE) of the probability of default (PD) at each value
of X is given by p = b/ f and is shown in the last column.

It is clear from Table 1 that most of the customers have zero delinquent trade lines, and the
frequencies drop rapidly as the number of delinquent trade lines increases, with very few customers
having more than six. Where the frequencies (f) are low, the MLE estimates of p are likely to be
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Table 1. Number of delinquent
trade lines (deling).

f b p=b/f

4179 583 0.140
654 222 0.339
250 112 0.448
129 71 0.550
78 46 0.590
38 31 0.816
27 27 1.000
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13 13 1.000
9 8 5 5 1.000
10 10 2 2 1.000
11 11 2 2 1.000
12 12 1 1 1.000
13 13 1 1 1.000
14 15 1 1 1.000

inaccurate and our predictions of the corresponding ¥ may be poor. Binning the value of X may
offer a solution to this conundrum. By choosing appropriate bins to which the individual values
belong, we may be able to estimate the PDs more accurately and thus improve the predictions of the
corresponding Y.

We first give a brief review of the literature on the notion of binning. The concept of binning is
known by many names such as discretisation, classing, categorisation, grouping and quantisation.
For simplicity we use the term binning throughout this paper. Binning is the mapping of continuous
or categorical data into discrete bins (Nguyen, Miiller, Vreeken and Bohn, 2014). It is an important
pre-processing step in most predictive models, and considered a basic data preparation step in building
a credit scorecard (Thomas, 2009). Credit scorecards are mathematical models which attempt to
provide a quantitative estimate of the probability that a customer will display a defined behaviour
(e.g. default) with respect to their current credit position with a lender; see e.g. Thomas (2009),
Siddiqi (2006) and Siddiqi (2017). Among the practical advantages of binning are removal of the
effects of outliers and a way to handle missing values (Anderson, 2007).

Some references refer to the concept of binning in two stages, the first stage called initial enumer-
ation or fine classing and the second stage called coarse classing (Anderson, 2007). However, not all
references regard two stages as necessary, e.g. Liu, Hussain, Tan and Dash (2002) and Lee (2007).
Another example is the credit scoring book (Siddiqi, 2006) that refers to one stage only. Baesens,
Rosch and Scheule (2016) also refer to one stage only, namely coarse classing. In our paper we will
think of the concept of binning as having one stage. According to Baesens et al. (2016) binning can
be done for various reasons in the context of credit scorecards. For categorical variables, it is needed
to reduce the number of categories. This could lead to fewer parameters and a more robust model
may be obtained. For continuous variables, binning may also be beneficial to capture nonlinear
effects in linear models.

Many binning methods exist of which we mention a few. One of the simplest methods to bin a
continuous variable is to partition it into equal-width intervals (Chmielewski and Grzymala-Busse,
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1996). Another method is to partition the variable such that the sample frequency in each interval is
approximately the same; this is called the equal-frequency-per-interval method. Proc HPBIN (SAS
Institute, 2014) from SAS incorporates “bucket” and “quantile” binning that are equivalent to these
equal-width and equal-frequency methods.

A popular binning method is one with class entropy as a criterion to evaluate a list of "best"
breakpoints which, together with the domain boundary points, induce the desired intervals (minimal-
class-entropy method) (Fayyad and Irani, 1992). A similar method of binning is used in C4.5
(Quinlan, 1993). These methods are sometimes referred to as “decision tree methods” (Breiman,
Fredman, Olsen and Stone, 1984). A variation of this decision type method of binning has been
implemented in the SAS Enterprise Miner Interactive grouping node (Oliveira, Chari and Haller,
2008) and more practical instructions on this specific binning method are described in the SAS
Course Notes (SAS Institute, 2015). A common name used for these decision tree methods is CART
(Classification and Regression Trees). The implementation of CART can be found in most statistical
software packages, for example RPART in R (Therneau and Atkinson, 2017).

Another method of binning is called the cluster analysis method. For an example, Chmielewski
and Grzymala-Busse (1996) propose a method to bin variables by using hierarchical cluster analyses.
There are also methods that optimise the binning based on the univariate distribution; e.g. one
approach is based on the information-theoretic minimum description length principle (Kontkanen
and Myllymaki, 2007). A traditional method used in scorecards is weights of evidence (Lund and
Raimi, 2012), although this method is more often used to evaluate a specific binning and not to
propose a binning method.

Other methods, using rough sets, are found in the literature, e.g. Beynon and Peel (2001), Roy and
Pal (2003) and Beynon (2004). More methods for continuous attributes can be found, e.g. Canti-Paz
(2001), Liu et al. (2002), Lee (2007), Chen, Tang, Liu and Li (2011) and Okumura (2011). Many
other excellent studies on binning can be found in the literature. We thank the referee for bringing
to our attention the algorithm and associated SAS code of Lund (2017) which is guaranteed to find
the best k-bin solution for each k with respect to either information value or log-likelihood (where k
indicates the number of bins) as well as the best monotonic solutions if they exist.

To summarise the literature on binning, many methods exist and often binning is a time-consuming
process (Anderson, 2007) and impractical especially in big data sets containing many variables
(Siddiqi, 2006).

We propose a new method that automatically bins explanatory variables, based on data splitting.
Before describing this method, we also give a brief review of the literature on the notion of data
splitting.

The concept of data splitting is often motivated by a quote from the popular introductory data
analysis textbook “Data Analysis and Regression” (Mosteller and Tukey, 1977). The quote states the
following: “Testing the procedure on the data that gave its birth is almost certain to overestimate
performance, for the optimising process that chose it from among many possible procedures will
have made the greatest use of any and all idiosyncrasies of those particular data. ..” In predictive
modelling, the typical strategy for honest assessment of model performance is data splitting. Data
splitting is the method of dividing a sample into two parts and then developing a hypothesis or
estimation method on the basis of one part and testing it on the other part (Barnard, 1974). Picard
and Berk (1990) review data splitting in the context of regression and provides specific guidelines for
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validation in regression models, i.e. 25% to 50% of the data is recommended for validation. Faraway
(2016) illustrates that a split data analysis is preferred to a full data analysis for predictions, with
some exceptions.

For an early history of data splitting, see Stone (1974). At present, data splitting is used by an
internet business, Kaggle (http://www.kaggle.com), which challenges analysts to develop the best
predictive method using a training set supplied to them. Part of the data held back by Kaggle is used
to judge the quality of the submitted methods and to select the “best” predictive method.

To summarise the literature on data splitting, it is often used in predictive models to enhance
performance. The literature also gives guidelines on the sizes of these splits and lists many benefits
of data splitting.

Since our eventual aim is prediction, we formulate the binning problem in terms of data splitting
and cross prediction and compare this newly proposed method, referred to as Autobin, with two other
existing methods. The largest advantages of Autobin are that the process and the choice of its tuning
parameters are nearly automatic. The simulation study also shows that our technique outperforms
some of the existing binning techniques.

The layout of the rest of the paper is as follows: In Section 2 we formulate the problem from the
point of view of maximising a suitable mutual cross-validation likelihood based measure. In Section
3 we discuss an optimisation algorithm based on dynamic programming that underlies Autobin. In
Section 4 we return to the illustration used above. Section 5 reports the results of a simulation study
which compares Autobin to some of the existing binning techniques. The conclusions and some
ideas for future research are given in Section 6.

2. Optimal binning via sample splitting and predictive likelihood cross-validation

The following mathematical notation will be used throughout the paper. Let Y be a zero-one response
variable and X a discrete regressor that can take values in the set V = {vy,v,,...,vy }. Henceforth
we refer to the v,, as the “X-values” for clarity reasons since the term “value” occurs in many other
contexts as well. Suppose that we have a sample of N observations on Y and X and these data are
given in the form of a frequency table with the value v, occurring f;,, times while the corresponding
numbers of observed 1s and Os of Y are b,, and g,, respectively, for m = 1,2,...,M. In credit
scoring the 1s are regularly referred to as the “bads” and the Os as the “goods”. Our ultimate aim
is to predict the value of Y given a newly observed value of X and for this purpose we will define
m = P(Y = 1|1X = vy,). If n,, is large (small) we may predict that Y = 1 (0). For this purpose we
need to estimate 77,,,. The MLE of 7, is given by p,, = b/ fon -

As our example in Table 1 above shows, data sets often have many of the v,,, occurring infrequently,
so that estimating the probability of ¥ taking the value 1 at such v,, will not be accurate. This raises
the question of whether we would do better by binning the original X-value set into a smaller set of
values that occur with higher frequencies and thus ultimately enable us to get better predictions.

Our solution proceeds via data splitting and we now bring this into our notation. To start, we draw
two separate random samples from the data set, the first one having N’ observations and the second
one having N”” observations. Arrange both samples in frequency tables.

Suppose the value v,,, of X occursf;, (f,/) times in the first (second) sample while the corresponding
numbers of observed 1s (bads) of Y are b), (b)) and the numbers of Os (goods) are g;, (g,,) in the
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two samples, respectively, form = 1,2,..., M. Let p;, and p;, denote estimates of m,, based on the
first and second samples, respectively. To be explicit, we take the p;, = b,/ fr and p.. = bl [ f!
assuming that both f,, and f, are positive, but other estimators are also possible.

In general, if Y is a random variable with support {0, 1} and y is an observed value of Y, while
p = P(Y = 1), then the log-likelihood is given by

I(y,p) =[ylog(p) + (1 —y)log(1 —p)]fory=0,1and 0 < p < 1. €))

In the context above, suppose that the value of Y for the n-th observation in the second sample is y;/
and the value of X is v,,. The first sample gives us the estimate p;, of the probability of getting ¥ = 1
when X = v,,,. Substituting y;’ and p,, into (1) we get a predicted log-likelihood (PL) of I(y//, p.,)
when comparing the first sample’s probability estimate with the second sample’s observed Y. By
summing [(y,/, p.,) over all observations #n in the second sample and rearranging the sum according
to the different possible values of X, the total PL when comparing the probability predictions based
on the first sample with the observed Y's in the second sample is

M
PL" = 3" {br1og (p,) + g log (1 = p},)} - @
m=1

Now we interchange the roles of the two samples by comparing the predictions based on the second
sample with observations in the first sample. This total PL is

M
PL = ) {b,1og (pin) + g1 log (1= pin)}- ©)
m=1

By adding the two PLs and dividing by the total number of observations in the two samples, we
get the average mutual cross-validation PL (CV for short)

1 < ’ ’ ” ’ ’ 7 ’ "
CV = ———— " {b}log (p},) + ginlog (1 = pj,) + by, log (py) + g log (1= pjp)} . (4)
m=1

N’ + N”

The issue of optimal binning from a predictive point of view can now be formulated as follows.
Let C = {C,Cy,...,Ck} denote a partition of the X-value set V into K mutually exclusive and
exhaustive subsets (bins) and denote the corresponding observed data of the first sample in the bin Cy,
by /() = T2, fid (v € €. BL(C) = M, b/, 1 (v € Ci) and g[(C) = T, g1, (v € Ci)
and similarly for the second sample when partitioned. Also introduce similar notation for the
estimated probabilities p; (C) and p;’(C) based on the first and second samples for bin Cy. Then we
ask for that choice of partition C' that maximises

K
CV(C) = w377 2 {PH(C) log (p(C)) + ]/ (C) log (1= pi(C)
k=1

+b(O)log (p{(C)) + g(C)log (1 - p{(C))}  (5)
among all possible partitions. In general the solution of this problem is very difficult. However, if the

X-value set V = {vi,vy,...,v,,} is ordered, an efficient dynamic programming solution is possible,
as discussed in the next section.
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3. Optimal binning for ordered regressors: Autobin

Suppose that the X-value set V. = {v,v,...,vp} is ordered, i.e. we are dealing with an ordinal
regressor. The v, need not be numbers, but we denote their ordering by vi < v, < -+ < vps. Further
we suppose that the bins in the partition must consist of contiguous intervals of the v,,, i.e. we must
have

Cr = {viy_ 1.V 4200 vy flork = 1,2, K. (6)
Here 1 <t <t <--- < tg = M denote the endpoints of the K bins within the set {vi,v,...,var}
and we take 7o = O for notational convenience. Let F,, = ¥7°, f/, B;, = X", bl and G, = ¥, &/

denote the cumulative frequencies of the first sample (and define Fj = Bj = G; = 0). Then
RC)=F -F b (C)=B; -B] andg (C)=Gj -G, . Alsointroduce similar notation

ti—1° t-1 Tk-1
for the frequencies of the second sample. Consider the interval [v,41,...,vg]for 1 <r < s < M and

write

A(r,s) = (B! = B))log (pr.) + (GY = G)) log (1 - p..,)
+ (B¢ = B;) log (p/s) + (G{ = G7) log (1 = pf5) . (D)
Here p)., = (B} — B))/(F; — F/) is the estimate of P(Y = 1|y, < X < v;) from the first sample and

similarly for p)’.. The sum in (5) can then be written as lele A (tx-1,1;) and the optimal partition
problem is to calculate

K
1
CV*(M) = —_ Altp_,t) 1<t <tr<-- <tg=M,1 <K<M;. 8
(M) maXN+N’{k§_l (tk-1,1k) 1< K } (®)

A dynamic programming algorithm to solve this problem can be set up as follows. We look at the
initial section of the first J values of V and wish to partition it optimally into L bins with1 < J < M
and 1 < L < J . The optimal total prediction loss for this problem is

L
PL*(L,J) = max {ZA(II—IJZ) l<hy<ph<-- <ty = J} . O]
=1

Considering the different possible placements of 77 _; we can write
PL*(L,J)=max{PL*"(L-1,i): L-1<i<J} (10)

for2 < L < J. Also if ti‘(L, J),... ,tz(L, J) denote the choices of 7q,...,f;, at which the maximum
PL*(L,J) is achieved and i* is the choice of i which maximises (10), then

F(LJ) = £5(L = 1,i),.. .65 (L) =t; (L= 1,i*),05_(L,J) =i (L,J)=J.  (11)

Since PL*(1,J) is easily calculated, (10) and (11) constitute the dynamic programming iterations
that can be used to calculate PL*(K, M) and then solve (9) exactly as

1
CV* (M) = —— {PL"(K,M),1 <K <M}. 12
(M) = max ——— {PL"(K.M) } (12)

Note that p.., = (B, — B).)/(F; — F/) is only defined if F; — F/ > 0 and similarly for p;’; . Moreover,
if B — B, = 0or G; — G, = 0then p,.; = 0 or p/., = 1 in which cases log(p..) or log(1 — py.)
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Table 2. DELINQ binned.

v f b MLE PD estimates  Autobin PD estimates
0 4179 583 0.140 0.13951
1 654 222 0.339 0.34144
2 250 112 0.448 0.45068
3 129 71 0.550 0.54793
4 78 46 0.590 0.57139
5 38 31 0.816 0.91974
6 27 27 1.000 0.91974
7 13 13 1.000 0.91974
8 5 5 1.000 0.91974
10 2 2 1.000 0.91974
11 2 2 1.000 0.91974
12 1 1 1.000 0.91974
13 1 1 1.000 0.91974
15 1 1 1.000 0.91974

is —oo. Again, similar remarks hold for the second sample. In order to avoid these difficulties when
ratio estimators are used for the probabilities in question, we have to do the optimisation in (8) under
the additional restrictions that each bin contains at least one 1 and one 0. More generally, we may
want to do the optimisation under prescribed lower bounds larger than zero for the bin frequencies
and numbers of 1s and Os. This is easily handled by restricting the choice of i which maximises (10),
such that

Ft; - Ft/k—l = fmin s Ftlkl - Ftl,:,] 2 fmin >

B/ =B  2bmin. B[ =B}  2bnin, (13)

G;k - G;k,l 2 Zmin » G;,i - G;,;] 2 &min -

Up to this point we used the sample splitting process and CV criterion to choose corresponding
optimal bins. Once this is done, we return to the original full sample to find PD estimates. The PD
estimate for each v-value in a specific bin is the same and this PD estimate is the ratio of the total
number of the b (number of bads) in that bin to the total of the f (frequency) of observations in that
bin. The description so far was in terms of a single split of the data, but in practice we can do a large
number of splits and average the corresponding PD estimates over the splits.

We refer to this method as Autobin. It involves the tuning parameters fy,;,, , bin and g, as well
as the number of random splits to use. Requiring at least two observations per bin (i.e. fi,;, = 2) with
at least one bad (i.e. b;,;;, = 1) and at least one good (i.e. gmin = 1) enforce very little restrictions
on Autobin and may be thought of as reasonable default choices. We have observed them to work
very well in practice and all the results below are based on this choice. The number of splits to use is
really a matter of the more the better, but computational time may dictate what is practically possible.
In all the results below we used 1000 splits. The Autobin methodology was implemented in PROC

IML in SAS, and the code is available from the author.

4. Illustration

We use the data described in Section 1 to illustrate Autobin with default parameter choices as indicated
above. Table 2 lists and Figure 1 illustrates the results graphically.
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Figure 1. MLE and Autobin PD estimates for home loan data.

It is evident that Autobin keeps the first five X-values separate and amalgamates the remainder
into a single bin. Over the first five X-values the MLE PD estimates and the Autobin estimates agree,
but they differ substantially over the amalgamated bin.

Will Autobin deliver better PD estimates than its competitors? Below, we discuss the results of
simulation studies designed to answer this question.

5. Binning methods compared by a simulation study

In this section, we report results on simulation comparisons to investigate how Autobin performs
compared to two popular binning methods, namely RPART from R and HPBIN from SAS.

The motivation for our choice of using RPART is as follows. RPART (Therneau and Atkinson,
2018) is the R implementation of the CART methodology (Breiman et al., 1984). Some credit
scoring textbooks refer to the successful use of decision trees to bin variables, e.g. Siddiqi (2006)
and the study of Greif (2013), using RPART for binning variables in a credit scoring environment.
Section9.4 of the SAS Course Notes (SAS Institute, 2015) illustrates the use of a decision tree node
to bin variables. Thus decision trees appear popular as a binning technique and therefore we chose
the RPART implementation.

Regarding HPBIN, the SAS online documentation motivates that “Binning is a common step in
the data preparation stage of the model-building process. You can use binning to classify missing
variables, reduce the impact of outliers, and generate multiple effects. The generated effects are
useful and contain certain nonlinear information about the original interval variables. The HPBIN
procedure conducts high-performance binning” (SAS Institute, 2014). Also, Baesens et al. (2016)
state that the PROC HPBIN in SAS is useful for binning. Thus we chose to include PROC HPBIN
also.

The RPART programs (Therneau and Atkinson, 2018) build classification or regression models
of a very general structure using a two stage procedure; the resulting models can be represented
as binary trees. There are two tuning parameters in the RPART, namely minbucket, which refers
to the minimum number of observations in a terminal node, and cp, which refers to the threshold
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complexity parameter. Choosing the tuning parameters for RPART and HPBIN was difficult. Many
combinations are available and we followed the literature where RPART was used in a credit scoring
environment for binning (Greif, 2013). The default value for ¢p is 0.01, but this resulted in too few
bins in our results below and we used 0.001 instead. For minbucket we used choices between 2 and
500, motivated by the rule of thumb given by Siddiqi (2006).

The HPBIN procedure in SAS conducts binning by using four different methods (SAS Institute,
2014), namely bucket, quantile, pseudo-quantile and Winsorized binning. Bucket binning creates
equal-length bins. The default number of bins (the binning level) is 16 but we can make other
choices. Quantile binning aims to assign the same number of observations to each bin, if the number
of observations is evenly divisible by the number of bins. As a result, each bin should have the
same number of observations, provided that there are no tied values at the boundaries of the bins.
Because PROC HPBIN always assigns observations that have the same value to the same bin, quantile
binning might create unbalanced bins if any variable has tied values. Pseudo—quantile binning is an
approximation of quantile binning. The pseudo—quantile binning method is a much more efficient
way to bin (less processing time required) and mimics the results of the quantile binning method.
Winsorized binning is similar to bucket binning except that both tails are cut off to obtain a smooth
binning result. This technique is often used to remove outliers during the data preparation stage. If
Winsorized binning is chosen, the user must specify the WINSORRATE option with a value from
0.0 to 0.5 exclusive. We used 5% (i.e. WINSORRATE=0.05) as in the examples illustrated in the
online help documentation (SAS Institute, 2014).

The binning methods were compared using four special model cases. To describe these cases we
use the following notation in addition to that of Section 2. Let ¢,, denote the probability of X taking
the value v, i.e. ¢, = P (X = vy;). Then, specifying the X-value set V = {v|,vs,...,vps} together
with the parameters {(¢,, 7,,),m = 1,..., M} constitute choosing an underlying model and we can
take the parameters such that various cases of interest are obtained. Once a model is chosen, we
can generate a data set of N independent and identically distributed (i.i.d.) observations of the pair
(X,Y) and then apply the binning methods to the generated data to get estimates of the corresponding
PDs (i.e. the 7). We do repeated simulation runs, each producing PD estimates and calculate the
averages and mean squared errors (MSEs) of these PD estimates over repeated runs to compare the
different binning methods.

Case 1

Recall that our original motivation for binning was the need to improve PD estimation at low frequency
X-values. Our first simulation case takes this situation to an extreme using a large X-values set all
with low frequencies but varying PD values. Specifically, we take V = {1,2,...,100}, ¢,,, = 0.01 and
T = (1 + sin(m/8)/2) for m = 1,2,...,100 . The sample size was set at N = 200 and the default
tuning parameters for Autobin were used. 1000 repeated simulation runs were done.

Four variations of RPART and five variations of HPBIN were used to compare with Autobin.
Choosing the tuning parameters for RPART and HPBIN were not trivial matters, being somewhat
like a “hit-and-run” exercise. The combinations of available choices are huge and due to time and
space constraints, we only report on a few combinations. We experimented with various tuning
parameters in RPART and fixed cp at 0.001 but varied minbucket over the values 2, 5, 10 and
15. We used all four options available in HPBIN, namely bucket, quantile, pseudo-quantile and
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—a—pi = = =pd_MLE

pd_Autobin = eeeeee. pd_RPART == —pd_HPBIN

Figure 2. True and average estimated PDs for Case 1 .

Winsorized binning. The default number of bins for these four settings is 16 bins. We also used a
variation on the default setting in the bucket option where we specified 4 bins. For the Winsorized
binning we used a 5% trimming rate.

Figure 2 shows the first results obtained. The horizontal axis is the X-value labels m , the solid line
with the square marker is the true ,, as function of m and the short-dashed line shows the averages
over the 1000 repeated simulation runs of the MLEs of the r,,,. The solid line shows the averages
of the Autobin estimates. For visibility reasons, average estimates of only one of the five variations
of RPART are shown by the dotted line, namely where cp had the value of 0.001 and minbucket
had the value 10. Similarly, the average estimates of only one of the four variations of HPBIN are
shown by the long-dashed line, namely where the quantile binning option was used with the default
setting of 16 bins. Note that the differences between the average curves and the true PD-curve give
the estimated biases of the methods.

The results can be explained as follows. With just 200 observations in total, there are on average
just a few observations per value m. Where 7, is high, there will be more “bads” than when 7, is
low. So the MLE PDs tend to produce higher (or lower) curves where m,, is higher (or lower), but
we cannot expect them to be accurate with such low frequencies. We see that the MLE curve does
follow the true m,,, curve to some extent, but not closely. The Autobin curve does significantly better,
since it bins the X-values locally and then obtains larger frequencies and larger (or lower) numbers
of “bads” where the true m,, curve is higher (or lower). This helps it to gain accuracy of estimation,
in line with our initial intuitive motivation for the use of binning. Of course, the binning process
needs to be sophisticated enough not to overdo this since otherwise it may produce a step type curve.
In our view Autobin meets this challenge effectively. On average Autobin used approximately 8 bins
but their locations varied over repeated simulation runs, enabling it to produce fairly smooth average
estimates.

Comparing Autobin with RPART and HPBIN, it is clear that both RPART and HPBIN did not
really notice the variation in the true PDs, their average estimates hovering mostly near to 0.5 and
differing slightly at the high and low PD regions.

Figure 3 shows the mean square error (MSE) of the estimates over the 1000 simulation repetitions
for Case 1. The solid line with the square marker is again the true m,,-s and all MSE values were
scaled up by a factor of 10 to make their curves more visible. The short-dashed line is the MSEs
for the MLEs and the solid line shows the MSEs for Autobin which tend to be lower than that of the
MLEs, especially at the higher values of PD.

The MSEs for RPART and HPBIN are shown by the dotted line and by the long-dashed line
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Figure 3. True PDs and MSEs of estimated PDs for Case 1.

respectively. In both the RPART and HPBIN cases, the MSEs are much worse when the true PDs
are high, but it is interesting to note that when the true PDs are close to 0.5, we observe better MSEs
than for the MLE and the Autobin procedure. HPBIN seems to have slightly lower MSE values than
RPART. Overall, our judgement is that Autobin performed more reliably than MLE, RPART and
HPBIN.

A note on the results of different tuning parameters chosen for RPART and HPBIN: among
the selected combinations of tuning parameters we chose, we could not find a set that causes the
estimated PDs to follow the true PD curve closely on average. We did notice that certain specific
choices of tuning parameters improve the MSE for a few selected X-values (sometimes up to a 200%
improvement for the MSE), but these were very rare, and each time for different X-values and a
different set of tuning parameters. For most of the individual X-values the MSE did not improve over
the different sets of tuning parameters. It might be possible that for each of the 100 X-values, there
exists a specific combination of tuning parameters that could potentially improve the MSE, but this
would result in a very time-consuming search. In our selected nine combinations, we rarely found a
combination that had a lower MSE than that of Autobin. In most cases the MSEs were much higher
for all nine combinations compared to that of Autobin. The detailed results of these variations are
available from the author.

Case 2

If there are higher frequencies for each X-value, the MLE should improve and there should be less
need to use a binning method. The second simulation case is designed to consider this situation. We
increased the sample size to N = 1000 but kept all the other parameter choices as in Case 1. Figure
4 shows the results for the average PD estimates.

Both the MLE and Autobin curves follow the true m,,, curve more closely and there is also a smaller
difference between the MLE and the Autobin curves. On average, the binning estimates were based
on some 21 bins. With higher frequencies for each X-value, Autobin can reach the same accuracy
with fewer X-values and therefore use more bins. This is to be expected, but the benefit is that this
is done automatically.

Figure 4 also shows one variation of RPART and one variation of HPBIN for Case 2. Again,
Autobin outperformed both RPART and HPBIN by more closely following the true PD curve. Many
variations of tuning parameter choices for RPART and HPBIN were investigated, but none of them
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Figure 4. True PDs and average estimated PDs for Case 2.
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Figure 5. True PDs and MSEs of the estimated PDs for Case 2.

resulted in average estimation PD curves that closely followed the true PD curve.

Figure 5 shows that Autobin and MLE had similar results with regards to MSE in Case 2, both
doing substantially better than their RPART and HPBIN competitors. It seems that both RPART and
HPBIN tend to produce PD estimates close to 0.5 and in that sense are way off when the true PDs
are close to 1 and 0. This is also clear from the extremely high MSEs for PDs close to 1 and 0 as
shown in Figure 5.

Again, similar results for other tuning parameters choices for RPART and HPBIN are available
from the author.

Case 3

In Cases 1 and 2, each X-value had the same probability. If some X-values have smaller and others
larger probabilities of occurring, the MLE should do worse at the lower probability X-values, but
Autobin should be less affected. The third simulation case is designed to look into this matter. We
changed the ¢,, as follows: ¢,, = 0.015 form = 1,...,50 and ¢,, = 0.005 for m = 51,...,100 but
took the other parameters as for Case 2 . Figure 6 and Figure 7 show the results.

Over the first 50 higher frequency X-values both average MLE estimated PD curves and those of
Autobin are close to the true PD curve, but over the 50 lower frequency X-values at the end, the MLE
curve is not so close to the true PD curve while the Autobin curve still does well. This confirms our
anticipation, showing that Autobin automatically adapts to the situation at hand, better so than the
MLE estimates.

Comparing Autobin with the other two binning techniques, it is again clear that Autobin outper-
forms both RPART and HPBIN. The different tuning parameters used in the five variations for RPART
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Figure 6. True PDs and average estimated PDs for Case 3.
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Figure 7. True PDs and MSEs of the estimated PDs for Case 3.

and the four variations in HPBIN did not generate a PD estimation curve that closely followed the
true PD curve. Note that some of the combinations resulted in more “spikey” curves that were not
flat around 0.5 but also not close to the true PD curve even where higher frequencies were available.

Moving to the MSE results in Figure 7, we observe that the Autobin and MLE had similar results
for the first 50 X-values, but Autobin did better for the last 50 X-values, again as anticipated. Both
RPART and HPBIN performed relatively poorly again.

In summary, this case again shows the advantage of Autobin: if some of the X-values have low
frequencies, the binning process automatically compensates by joining enough X-values to get the
joint frequency large enough to make the PD estimates more reliable and this comes at no cost in
terms of poorer behaviour at high frequency X-values.

Case 4

To further confirm the summary above, we look at a much larger data set, namely with sample
N = 10000 but coupled with greater variability in frequencies of the X-values. To this effect we
divide ¢,, into even more sections, namely ¢,, = 0.025 for m = 1,...,25 and ¢,, = 0.01 for
m=26,...,50, ¢, = 0.004 for m = 51,...,75 and ¢,, = 0.001 for m = 76,...,100. So the later
X-values have progressively smaller probabilities and thus relatively lower frequencies in the data.
The PDs 7,,, were the same as in the previous case. Figure 8 and Figure 9 show the results.

From Figure 8 it is clear that on average the MLE and Autobin estimates are very close to the
true PD values, with Autobin being somewhat better towards the end where the lower frequencies
occur. It is also clear that Autobin still outperforms RPART and HPBIN which tend to behave quite
erratically at different PD frequency levels. We also investigated if we could improve the results of
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Figure 8. True PDs and average estimated PDs for Case 4.
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Figure 9. True PDs and MSEs of the estimated PDs for Case 4.

RPART and HPBIN by specifying a larger number of minimum observations in the buckets and other
choices of tuning parameters but found none that resulted in notable improvements. Details of these
results are also available from the author.

This simulation study further confirms that in large data sets and with high frequencies at all X-
values, we may as well work with the MLEs, but if there happen to be X-values with low frequencies,
then Autobin is preferable and has the added advantage that its performance will match that of MLE
closely at high frequency X-values.

6. Conclusion and future research

In this article, a brief literature study on the concepts of binning and data splitting was provided,
focussing on the credit scoring environment. Often in credit scoring, binning is required to more
accurately predict the default probabilities. The problem of binning was formulated from the point of
view of maximising a suitable mutual cross-validation based prediction log-likelihood measure. We
proposed an optimisation algorithm based on dynamic programming that can be used to find optimal
bins for the case of ordered regressor values. This culminated in our main research contribution,
namely a new binning technique, called Autobin.

We illustrated Autobin in terms of a real data example and provided the results of simulation
studies to compare Autobin with two popular binning techniques, namely RPART and HPBIN. Our
conclusion is that Autobin outperformed its competitors while also having the added benefit that it
is virtually automatic, requiring only specification of minimal frequencies per bin which can be set
at the innocuous default levels of at least two observations and at least one bad and at least one good
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observation per bin. Compared to other binning procedures this is a major advantage. The choices of
the number of bins to use in RPART and HPBIN are not a trivial at all. Also, the ¢p tuning parameter
of RPART and the choice between the four different methods (bucket, quantile, pseudo-quantile,
Winsorized) in HPBIN are a difficult matter. Using these methods may require much manual input,
making binning a time consuming process with large datasets, all of which are avoided with Autobin.

Future research ideas include the comparison of Autobin with even more binning methods, the
extension of Autobin to be able to handle also the case of continuously distributed predictors and
other requirements such as estimators that are monotonic in the predictor if needed. In this paper,
random splitting was used, but a future research idea will be to consider whether balanced splitting
will improve the results.
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