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Imbalanced Datasets

 Ideally, classification models should be
developed from datasets with approximately
same number of observations in each class.

 In practice, datasets imbalanced, e.g.
— Credit scoring — typically less than 10% bac
— Fraud scoring — typically less than 1% fraudulent

» Classifiers developed from imbalanced datasets

can be of limited value, e.g.

— If 99% of observations in majority class, assignin
all observations to this class has 99% accuracy




Dealing with Imbalanced Datasets

* Pre-process data to produce balanced dataset:
— Over-sample the minority class
— Under-sample the majority class

— Generate synthetic minority class observations
between adjacent minority class observations

* Focus on observations close to class boundary
— Iterative approach (e.g. Vinciotti and Hand, 2003)
 |Incorporate misclassification costs:
— Directly in MP models for minimising
misclassifications and machine intelligence methods

— Cost based threshold in statistical methods, (e.g.
Hand and Vinciotti, 2003)



MP Discriminant Analysis Models

Methods for assessing group separation:

e |n terms of deviations of misclassified observasio
from discriminant function

— minimisation of sum of deviations (MSD)
 Consider external and internal deviations
— goal programming model

e By maximisation of classification accuracy (or
minimisation of misclassifications)

— requires a binary variable for each observation
— Iterative approach for larger problems (Glen, 2003



MP Discriminant Analysis Models

Only the two-group problem considered

Training sample(s, containam observations
known to belong to group 15¢) or group 2 G,)

Each observation a set of valuesidéatures

X;; — value of featurg, |=1,2,....n, in observation,
1=1,2,....m

Group 1 observations below discriminant function
Group 2 observations above discriminant function

Determine discriminant function in terms of
coefficient,q;, ]=1,2,....n, of featurg, and
constant terma,, using an appropriate objective



MSD Model

Let di, d=0, be deviation of observatiofirom
function, whered>0 if observation misclassified.

Minimise > d.
subject to injaj—ao—disO 10G,
> X, -8,+d, 20 G,

J
a;free,]=0L,....,n;d, 20,1=12,....,m




MP Discriminant Analysis Models
Normalisation

« Standard method — sa&jto a constant.

e Limitations of standard normalisation:
— unacceptable solutions, I.e. coefficients zero

— model should be solved twice, with positive and
negative normalisation constants

— functions with zero constant term not permitted

— coefficientsa, ]=1,2,...n, not invariant under
origin shift in problem data.



Integer Programming Normalisation

Representreevariablesa;, j=12,....,n, by non- negative
variablesa; anda;,wherea, =a; —-a;

Define binary vaiablesd; andy; such thatd, =1 -~ a;=¢ and
y;=1 < a;=¢&, whereg, £>0,issmallandaddconstrains:

a; —&0, 20 i=12,...
a;—0,<0 j=12,....,n
a"—gyJ >0 ]=12,.....n
-y; =0 ]=12,....,n
aJ ty <1 ]=12,....,n
> (aj +a) 1

In practicje,moreefficient to representach varidle
pairaj+ anda; asaspecialorderedsetof typel(SOS1).



Maximisation of Classification
Accuracy — MCA Model

Define binary variableg, where5=1 if observation Is
classified correctly

Maximise . /5
subject to Z_'Xijaj -a,+UgS <U LG,
> X,a -a,-UB>2-U i0G,

a, free, ) :JO,L....,n; £ =011=12,....m
whered, U>0,islarge.



Extending the MSD Model: 1

 Modify the objective function to achieve
balance across both groups (Glover, 1990)

« Assumingm, observations IG5, andm, in G,
objective function becomes:

Minimise m, > d +m >.d

i0G, i0G,



Extending the MSD Model: 2

e Impose constraints on proportion of
observations misclassified in each group
(Koehler, 1990)

* In MIP model for minimising misclassifications,
— assumen,, k=1,2, observations i, and

— letz, k=1,2, be number of misclassified observations
in G,
then for)>0 and small, add constraint:

-mm,ys mzy —m;z, = mm,y



Extending the MSD Model: 2

 For MSD model, impose constraints on mean
deviation in each group

e In MSD model,

— assumen,, k=1,2, observations i, and
— letd, 1=1,2,....m, be deviation of observation

then fora0 and small, add constraint:

<t yd-Tyd<s
m, itG, m, icG,



Extending the MSD Model: 3

* Glover and Better (2007) suggested that violations
should be balanced in each group by constraint
m>d =m,>.d
LG, IUG,
 |n practice the main difficulty with imbalanced
datasets Is that observations tend to be assigned to
ne majority class. Hence constrain so that mean

t
deviation in minority class3,) does not exceed
mean deviation in majority clas&J):

L yds—3d
m, ioG, M, ioG,




Test Datasets

Dataset 1:
13516 observations, 184 (1.4%) bad
— 12 variables transformed to 32 features by WOE
Dataset 2:
15050 observations, 218 (1.4%) bad
— 8 variables transformed to 18 features by WOE
Dataset 3:
29389 observations, 1006 (3.4%) bad
— 11 variables transformed to 25 features by WOE
Dataset 4.
10375 observations, 375 (1.4%) bad
— 21 variables transformed to 37 features by WOE



Method

Accuracy (%)

Total Goods Bads

Logistic Regression

MSD — Basic Model

MSD — Balancing Objective

MSD — Range Constrainte=0.0009
MSD — Range Constrainte=0.0001

MSD — Balancing Constraint

99 99 1
99 100 0

75 76 61
79 80 S7
76 76 60

75 76 61

Table 1: Holdout Sample Performance — Dataset 1



Method

Accuracy (%)

Total Goods Bads

Logistic Regression

MSD — Basic Model

MSD — Balancing Objective

MSD — Range Constrainte=0.0009
MSD — Range Constrainte=0.0001

MSD — Balancing Constraint

98 99 1

99 99 3

74 74 57

71 /1 60

69 69 63

69 70 63

Table 2: Holdout Sample Performance — Dataset 2



Method

Accuracy (%)

Total Goods Bads

Logistic Regression

MSD — Basic Model

MSD — Balancing Objective

MSD — Range Constrainte=0.0009
MSD — Range Constrainte=0.0001

MSD — Balancing Constraint

96 100 0

98 98 3

70 70 68

74 74 66

70 70 68

70 71 68

Table 3: Holdout Sample Performance — Dataset 3



Method

Accuracy (%)

Total Goods Bads

Logistic Regression

MSD — Basic Model

MSD — Balancing Objective

MSD — Range Constrainte=0.0009
MSD — Range Constrainte=0.0001

MSD — Balancing Constraint

96 100 0

99 99 7

85 85 /6

38 89 70

85 85 75

85 85 76

Table 4: Holdout Sample Performance — Dataset 4



Conclusions

 In practice, datasets are often imbalanced.

 Limitations of established methods for dealing
with imbalanced datasets:

— over-sampling minority class may result in
overfitting

— under-sampling majority class may ignore some
data areas

— difficulties in assessing costs in cost based aukth
e Other approaches can be used with MP
methods:

— additional constraints can be incorporated
— objective function can be modified



