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Introduction: Data generation process
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Introduction: Accept / Reject loan applicants
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Introduction: Credit Scoring in practice

“Classical” logistic regression:

30e R st Vx, In ( Eé:ﬁ;) 0 x

Parameter estimation:

n+m
10:x.y) Zln po(yili)) + > In(po(yilx))
i=n+1
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Introduction: Credit Scoring in practice
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30e R st Vx, In ( (1|X)) 0 x
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Parameter estimation:

n+m
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i=n+1
complete
likelihood
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Sample selection problems

Why and how use x"f?

What are the consequences of using “only” (xf, yf)?
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Reject Inference methods

Adrien Ehrhardt (CACF - Inria) Reject Inference 29 mai 2017 7/ 22



Reject Inference methods: Fuzzy Augmentation |

Fuzzy Augmentation can be found, among others, in [Nguyen, 2016]
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Reject Inference methods: Fuzzy Augmentation Il

Step 1: Discard x" and estimate 6 = argmax, 00; xF, yh).
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Reject Inference methods: Fuzzy Augmentation Il

Step 2: Impute y™ with their estimation given by ',

n \ ( X11
yf : xf :
Ya X,
péf(yn+1 = 1|xp41) %+1
ynf : an
\ Por( Yorm = UXnrm) ) \ Xntm

Step 3: estimate §™%2 = argmax, (6, X,yfyf’nf)-
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Reject Inference methods: Maximum likelihood estimation

“Classical” estimation in the Credit Scoring field

0f = argmax ((0; x', y©).
0

“Oracle” estimation knowing y"f

0 = argmax ((6; x, y).
9
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Reject Inference methods: Maximum likelihood estimation

“Classical” estimation in the Credit Scoring field X
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Reject Inference methods: What is at stake?

Estimators :

@ "Oracle”:/n+ m(HA — Oopt) £, Na+1(0, Y 0opt)
n,m—o00

@ Current methodology: /n(ff — QCf,pt) % Na+1(0, ng )
n—oo opt
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Reject Inference methods: What is at stake?

Estimators :

@ “Oracle”: \/n+ m(f — Oopt) —£ Na+1(0, Zo,,.)
n,m—o0

@ Current methodology: /n(ff — Gf)pt) % Na+1(0, ng )
n—o0 opt

Question 1 : asymptotics of the estimators

(QL) fopt = 0 ¢

?
(Q2) zGopt = zggpt
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Reject Inference methods: Missingness mechanism

e MAR :Vx,y,z, ptrue(z|xa)/) = ptrue(Z|X)
— Acceptance is determined by the score : Z = 1 g x>cut}-

© MNAR : 3x,y,2, prrue(2|X,y) # Ptrue(z|x)
— Operators’ “feeling” X¢ influence the acceptance.

Figure: Dependencies between random variables Y, X€, X and Z
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Reject Inference methods: Model specification

o Well-specified model : 3 Oirye, prrue(V|x) = Poyu. (V[%)-
— With real data = hypothesis unlikely to be true.

o Misspecified model : 6, is the “best” in the © family.
— Logistic regression commonly used for its robustness to

misspecification.

Pve(2] ) MAR MNAR
Po(y[x)
f —
Well Speciﬁed fopt — Hopt )
Yo F Lo Oopt 7 Oopt

opt

eipt 7é HOPt
zf

opt

f
7& Zé’opt
opt

of 7é zGopt
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Reject Inference methods: How to use x"?

Question 2: How to construct a better estimator than §f?
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Reject Inference methods: How to use x"?

Question 2: How to construct a better estimator than of?

Scope for action:
e Change model space ©,
@ Model acceptance/rejection process (i.e. p,(z|x,y)),

e Use x"f.

Natural way to achieve all three: generative approach

Pa(X,y,2) = pg.(X)Pa. (¥1X) Py, (2%, y).-

n
(10 |, B Ae) = argmax £(c; x, y*) = argmax > In(py, (vilxi))
90/’/3(1 7701 0&»607’7& I=1

n+m n
+ Z In(pg., (xi)) <+Z In(py, (Z,"X,-,y,-))) 0
i=1

i=1
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Reject Inference methods: How to use x"?

Question 2: How to construct a better estimator than of?

Scope for action:

o Changemodelspace—© logistic regression,
® Model acceptance/rejection process (i.e. py(z|x,y)),

e Use x"f.

 Natural way-to-achieve sl three-generative approach |

Pa(X,y,2) = pg.(x)pa. (¥1X) Py, (2%, y)-

A
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Reject Inference methods: How to use x"?

Question 2: How to construct a better estimator than of?

Scope for action:
o Changemodelspace—© logistic regression,
o Model-acceptance/rejection—process{i-e—ps{zhy))

~ cannot be estimated,
o Use x"f.

Natural-way-to-achieve all three-generative approach |

pa(X,y,Z) = pﬂa(x)peu(y|x)p’7a(z|x’-y)'

A

(0], BasFa) = argmaxf(a x,y") = argmaxz In(po.,, (vilxi))
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n+m
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Reject Inference methods: A possible reinterpretation

Reclassification? :

(GACEM,flnf) = argmax {(6; x,yf,y"f) where y; = argmax Py (yilxi)-

9,y”f Yi

Problem: inconsistent estimator.

Logistic regression curves depending on development sample

1.0

—— Oracle
——  Financed
1 |— CEM

06

p(11x)

04

0.2

00

Predictor x

'[Soulié and Viennet, 2007, Banasik and Crook, 2007, Guizani et al., 2013]
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Reject Inference methods: A possible reinterpretation

Augmentation?: MAR / misspecified model.
n

1
Cane(0; xF, yf) = —————1n i1xi)).
A g( y) IZ; ptrue(ﬂxi) (Pe(y| ))

Problem: estimation of pirye(f|x;).

Parcelling 3:

1 w.p. aipg(l]x,f
(x5 7" where 5, = 4 1P Part )
0 w.p. 1 — a;py(1]x;,f)

Problem: MNAR assumptions hidden in 7" («;) impossible to test.
2[Soulié and Viennet, 2007, Banasik and Crook, 2007, Guizani et al., 2013,
Nguyen, 2016]
3[Soulié and Viennet, 2007, Banasik and Crook, 2007, Guizani et al;, 2013]
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Reject Inference methods: Experimental results

Portfolio from a consumer electronics distributor partner:
@ Approximately 250,000 applications

@ Approximately 10 discrete (or discretized) features (with interactions):
o Socio-professional category(-ies) o Number of children

e Amount of rent o Years in current job position
@ Approximately 3 % of default

Gini coefficient w.r.t. the acceptance rate of the previous scoring model
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Conclusion
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Conclusion

e Fuzzy Augmentation, Reclassification (and Twins) were proved
useless.

@ Augmentation and Parcelling seem legitimate depending on model
specification and missingness mechanism but difficult/impossible to
set forth in practice.

@ Recommendation: do not practice Reject Inference since high
risk/low return of all tested Reject Inference techniques.

@ For the most part, Reject Inference had previously been tackled only
experimentally.

@ Research paper in progress.
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Thank you for your attention!

Any questions’
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