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Research Positioning and Contributions

A bridge between model explainability and cost-sensitive learning
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Main Contributions

n First credit scoring study relating explainable Al to cost-sensitive learning.
E Demonstrate the impact of IDCS classifiers on the stability of post-hoc explainable Al techniques.
B Show that a known negative impact of class imbalance on explanation stability' is amplified when using IDCS classifiers.

— Introduce a novel, cross-dataset comparable evaluation metric for cost-sensitive learning.
T
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Explainable Al @

An increasing focus on regulating the use of black-box machine learning models

EBA DISCUSSION PAPER ON
MACHINE LEARNING FOR IRB
MODELS

EBA/DP/2021/04
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Explainable Al @

In response, XAl techniques to explain black-box models are rising in popularity
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Explainable Al

In response, XAl techniques to explain black-box models are rising in popularity
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Cost-sensitive Learning CGO

Different misclassifications do not result in equal costs

Actual Actual

No Default Default No Default | Default

g = . ; g =)
\GRIESEITE® True negative  False negative No Default EECHE0I0 Cost (01
£ ; T ey £ - e
D @
o AN False positive  True positive o Default Cost (1]0) Cost (1))
Symmetrical misclassification costs Asymmetrical at theclass level
T
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Instance-dependent Cost-sensitive Learning Cq

The requested loan amounts (and associated cost) between customers can vary a lot

Actual Actual

No Default | Default No Default | Default

E \OREEITIE  Cost (0]0) Cost (0]1) ‘ E No Default Costl[0|0] Cost|[0|1]
(& ] o
2 3
a Default Cost (1/0) Cost (1]1) a Default Costg(110)  Costg(1[1)
Asymmetrical at theclass level Asymmetrical at theinstance level
i}
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Instance-dependent Cost-sensitive Credit Scoring C

The most popular credit scoring cost matrix from literature is used

Actual Actual
No Default | Default No Default Default
E No Default Costl[olo] Costy(OI1) E No Default 0 Amount; - LGD
5 b
a Default Costlﬂ 0)  Costg (1) a Default Ti+Costy, 0
Costgyy =—1 -1y + Amount - LGD - my
Asymmetrical at theinstance level
i
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Instance-dependent Cost-sensitive Credit Scoring C

Cost-efficient decision-making comes down to minimizing the AEC

Actual Actual

No Default | Default No Default Default

S QKNEETIE Costy(0/0)  Costg(OlN ‘ Il No Default 0 Amount; - LGD
S =
[« B} — :
& ISCTTU Costg(0)  Costy (1) - Default T +Costay 0
Costgy =—71 1y + Amount - LGD - 4
Average Expected Cost (AEC); = y; - [(1 —s(default);) - (Amount; - LGD)]
+ (1 - y;)- [S(default)i . (Ti +(—7 - my + Amount - LGD - 7, ))]
i
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Instance-dependent Cost-sensitive Credit Scoring C 3

Relative AEC is introduced as dimensionless adaptation of AEC

Average Expected Cost (AEC); = y; - [(1 —s(default);) - (Amount; - LGD)]
+ (1 — y;) - [s(default); - (ri4+(=7F - wy + Amount - LGD - 71 ))]

AEC(yi,s(default);, Amount;);
Relative Average Expected Cost (relAEC); =1 — (i, s(default); i

AEC(yi, m1, Amount;)

i Worse than no model i 1

m® 0 1
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Explanation Stability in IDCS Credit Scoring

Does optimizing for an IDCS loss function impact the stability of model explanations?
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Explanation Stability in IDCS Credit Scoring

Does optimizing for an IDCS loss function impact the stability of model explanations?
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Methodology

Overview
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Methodology

Datasets and models
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Methodology

Model performance
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Methodology

Explanation stability
Explanation stability
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Methodology

Mean CV
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Methodology

Stability metrics

Xp @ D,

A 020 0.21 0.36 A 4 4 3 0.33
B 084 022 0.28 B 2 3 4 1
C 05 033 089 mmmp C 3 2 1 1
D 093 065 0.77 D 1 1 2 0.33
E 0.12 0.10 0.11 E 5 5 5 0

Ranking Stability
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UNIVERSITY  Ekstrem, CT, Gerds, T.A, Jensen, AK, 2018. Sequential rank agreement methods for comparison of ranked lists. Biostatistics 20, 582598.
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Methodology

Stability metrics
Xp Depth S(d)
A A 4 3 0.33 1 {C, D} 0.67
B 2 3 A 1 2 {B, C, D} 0.77
C 3 2 1 | )y 3 ABCD 067
D 1 1 2 0.33 4 {A, B, C, D} 0.67
E 5 5 5 0 5 {A, B,C, D, E} 0.53
Ranking Stability
Sequential Rank Agreement (SRA)
i
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Explanation Stability Results

HMEQ dataset
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Conclusions

n There is a trade-off between directly optimizing for costs and providing stable explanations.
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Conclusions

n There is a trade-off between directly optimizing for costs and providing stable explanations.
E In their current state, IDCS classifiers will fail to meet the regulatory XAl standards to be used in practice.

B Further research should explore safety measures or remediations to make IDCS model explanations more stable.
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Discussion: the importance of a training sample

Traditional ML models: s(x) =E(Y]|x)

2.5
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Discussion; IDCSL and data valuation
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