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Interpreting the GINI
Consider a classifier that outputs a score s.

By recording the score when a transaction is Legal or Fraud it is possible to determine the
distributions of P(s|F) and P(s|L).

For a particular threshold t we can then write:

1 t
TP:NFIP(S|F)ds FN :NFJ'P(S | F)ds
t 0

1 t

FP= NLIP(S |L)ds TN = NLIP(S | L)ds (2.1)
t 0

Now consider the True Positive Fraction (the Y-axis of the ROC graph) and the False Positive
Fraction (the X-axis of the ROC graph).

1 1
P(s| F)ds P(s | F)ds
. [P(s1F) [PGsIFys
TPF = = ‘ = :J'P(s | F)ds  (2.2)
TP+FN | ’ 1
J'P(s|F)ds+J'P(s|F)ds J'P(S|F)a’s !
t 0 0
1 1
P(s|L)ds P(s|L)ds
. [PGIL) [PGsILas
FPF = =- ‘ t = :IP(S|L)dS (2.3)
FP+TN

J'P(s|L)ds+J'P(s|L)ds IP(S|L)dS !

The graph below shows the form of P(s|F) and P(s|L) as output by Detect.
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Experiments have shown that this data can be closely modeled using a simple power
distribution.
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The Power PDF
2u-1

Pdf p(x)=ax"" or p(x):lixl‘“ (2.4)
—H
Mean U =E(x) Zj'xp(x)dx = SOFCY)CD’+1 d =9 (2.6)
J +17 B a+l
Variance V= E( (x —,u)z) :jﬁx —Lﬁ p(x)dx = a__ Eﬂig (2.7)
4 a+l a+2 +1

Note: the power is expressed as a — 1 simply because this greatly simplifies some of the later
derived expressions and reveals more clearly some of the symmetries.

So, using the power pdf defined by 2.4 we can write:
P(s|F)=a(l-s5)"" and P(s|L)=B(1-s5)""
And equations 2.2 and 2.3 can now be written as:

u(t) =TPF(t) :j'P(S | F)ds :ja(l —-8)" ds =(1-1) (2.8)

W)= FPF(t) = [P(s| L)ds = [ B(1=5)""ds = (1= 1)° (2.9)
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The above three curves for a typical calibration with GINI = 0.871
a. Y axis = TPF X axis = threshold
b. Y axis = FPF X axis = threshold
c. Y axis =TPF X axis = FPF

Using 2.8 and 2.9 the ROC graph can then be written as:

(2.10)

A
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then using the fact that the GINI is twice the area under the ROC minus one, we have:

0,0
L 0,6 0O -
GINI=g=2A—1=2IvA;dv—1=2E-Iv—D =2 g=Bta by
0 EE+1D g+1 ﬂ+a
= H
And using the power pdf's mean from equation 2.6 we have:
GINI= g = H, —Hp
My M =21, 1y
Also notice that:
a_l-g —
— = and hence we have| ,_ r (2.12)
B l1+g

which is an approximation of the ROC function expressed in terms of the GINI.

—TPF

—FPF
TPFA

— FPFA

The above graph shows how the equations A1 and A2 approximate TPF(t) and FPF(t) with
a=6.0 =900

-6
Using A4 we can immediately compute the GINI =m =0.875 which is very close to the

measured GINI of 0.871
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The Relationship of the GINI to other measures

L

Z=FD1—1
« HROT

The relationship between GINI and TPF and Fraud Alert Rate (R) can now be calculated as

v 1 28
we can show (see Appendix B) that— = F' ﬁE —IE so we can write '™ = F 01 —lE
u drk

1

Note: False Positive Ratio (FPR) = 2 -1

2 001
and hence —2 logu :1OgBF§I_€_1%

l-g

= 1
. - g

and hence: 142 logu 01 <

logﬁl’@%—lﬁ ” MZEFBR?_I%

We can rewrite this equation more succinctly as: (g'”’V where k =1o el —1[[
q y u=e 2 g BF' Hl_e E

which shows that by holding the Fraud Alert Rate constant there is an exponential relationship
between the TPF and the GINI.

Also, most importantly, the rate of change of TPF increases as the GINI increases as

-Dk
(gT)>O, as 0<g<I1 and k£ <0. This is borne out by experience and the recent

observations that a small increase in the GINI can result in a big increase in other
performance measures like the True Positive Fraction when compared at the same Fraud
Alert Rate or False Positive Ratio.

This is an important result:

To achieve the a target performance of 70% fraud detected with false positive
ratio of 30:1 we need to have a GINI greater than 0.89

This result closely reflects experience.

Further, if we look at the overall alert-rate A:
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TP+FP _TPF.N,+FPF.N, _uN, +vN,
N N N

A=

we can re-arrange this:

A=w+v)+u- v)—N ]]:[]L

N
and as we know that N, < N, we can write: —————="1 and 4= (u+v)—(u-v)=2v
NF +NL

gt
and hence 4 A4 ET
“H2H
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Appendix B — ROC curves and Fraud Alert Rate

The False Positive Ratio is the ratio of the number of frauds detected to the number of total
number of alerts (Fraud Alert Ratio) This can be written as:

TP 1
FAR=R= =
FP (B1)
TP+FP 1+ /TP

A ROC curve is a plot of:
Y =TPF (True Positive Fraction) against X = FPF (False Positive Fraction) where

7= TP and FPF = FP (B2)
TP+ FN TN + FP

From the ROC definitions (B2 ) we can write:

Y _TPTN+FP _TPT-(TP+FN) _TPO T C

—— = = -1 B3
X FPTP+FN FP TP+FN FP 5P+FN E (B3)
where T =TN+TP+ FN + FP
T . . . .
The term ———  is the inverse of the overall fraction of fraud, call this F
TP+ FN

From (A1) we also have :

FP 1

TP R
(Note: this relates False Alert Ratio to a definition of False Positive Ratio)

So (A3) can be re-written as:

Y 1 11 UJ
= -1 -1 B4
% Bl? H (B4)
and
xol .
R=Ad+Z=/—-1 (BS)
@ yir H

0l _ ©6)
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